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Abstract

I investigated the cognitive mechanisms underlying spatial memory, with the aim of dif-
ferentiating the contributions of motor engagement and decision-making. In Experiment 1,
I examined whether volitional motor control or decision-making, during initial exploration
of a map within virtual reality, better supported retention of routes travelled. Participants
explored virtual cities under three navigation conditions that varied in terms of motor and
decision-making demands. During Active navigation, participants had volitional control
over their movement using hand-held controllers, allowing head and body rotation in a
swivel chair, and made independent decisions about which route to take to reach a tar-
get location. During Guided navigation, participants still controlled their movement, but
followed a visually guided path overlaid onto the road, eliminating the need for decision-
making. In the Passive condition participants observed a pre-defined route without having
to make any decisions or engage motorically. Following exploration of each environment,
participants were asked to “re-trace their steps” using the exact route they had just trav-
eled, from the same starting point. Route memory was significantly better following Active
and Guided encoding relative to Passive, suggesting that volitional movement during nav-
igation underlay the benefit. Notably, the complexity of the path chosen by participant at
encoding did not predict accuracy of route memory. Experiment 2 assessed the necessity
of motor engagement and decision-making by comparing memory benefits following two
types of VR implementation: Desktop-VR, in which movement was limited to keyboard
input (lower motor engagement), and Headset-VR, in which participants navigated using a
steering wheel (higher motor engagement). An effect of navigation strategy emerged only
in the Headset-VR group: Active and Guided navigation at encoding led to significantly
better route memory relative to Passive. No significant differences emerged between Ac-
tive and Guided trials, suggesting that motoric engagement, rather than decision-making,
is the driver of memory performance. Interestingly, in Headset-VR, a stronger personal
preference for Active exploration predicted better route memory, whereas in Desktop-VR,
personal motivation predicted route memory accuracy. However, neither motivation nor
preference mediated performance, indicating that these factors did not account for the
effect of navigation condition on memory. If motor engagement contributes to the forma-
tion of route memories, as suggested by experiments 1 and 2, then reduced mobility in
older adults may influence performance, and the components underlying it. At the same
time, reliance on landmark memory to guide memory may be heightened, as landmarks
provide salient external cues that could compensate for reduced motor-based encoding. To
test these predictions, in Experiment 3 I examined route and landmark memory in younger
and older adults as they explored virtual environments. In younger adults, both Active and
Guided navigation equally enhanced memory for routes compared to Passive, replicating



experiments 1 and 2. However, in older adults only Active navigation, which engaged both
movement and decision-making, resulted in improved route memory. Further, landmark
memory in older adults benefitted the most from Active relative to Passive and Guided
navigation. Simply put, active encoding eliminated age-related deficits in route memory,
suggesting that decision-making (present only in this condition) during navigation may be
particularly important for supporting spatial memory in aging populations. This benefit
may reflect increased recruitment of frontal lobe-based resources during active navigation,
which can compensate for reductions in motor engagement. There were some differences in
motivation and preference ratings across conditions in both age groups. However, these sub-
jective measures did not emerge as significant predictors of memory performance. Overall,
my findings suggest that motor engagement plays a more critical role than decision-making
in enhancing subsequent route memory in younger adults, whereas conditions that require
decision-making benefit memory in older adults. These findings have important implica-
tions for the design of navigational tools and cognitive interventions aimed at promoting
spatial independence, particularly among older adults.
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Chapter 1

General Introduction

1.1 Historical context

Spatial navigation is a vital cognitive skill that enables individuals to move through and
interact with their environment (Appleyard, 1970; O’Malley, 2018). It plays a significant
role in daily activities such as commuting, navigating unfamiliar areas, and remember-
ing the layout of buildings. Recent advances in technology have attempted to make this
complex task simpler by offering users systematic turn-by-turn directions (Gardony et al.,
2013). Using a navigation aid allows individuals to input a destination and receive direct
guidance. For instance, with Google Maps™, a user can input the final address and obtain
step-by-step directions to reach it. While this is highly convenient and especially helpful in
unfamiliar environments, it remains unclear how this form of cognitive offloading impacts
our memory for spatial information. For instance, Ishikawa (2019) has shown that the
long-term use of navigational aids impairs performance on wayfinding tasks, assessed by
travel time, the number of stops, and travelling in the opposite direction to the end point.
Global configural knowledge about the explored environment was also impaired (Ishikawa,
2019). To counteract these negative effects, some have suggested it would be beneficial
for users to actively invest mental effort during a wayfinding task, to reduce the negative
impact of automated visual- and audio-based navigation tools on memory for a route trav-
elled (Dahmani & Bohbot, 2020; Gardony et al., 2013, Parush et al., 2007). To this end,
the broad objective of this thesis was to understand the cognitive mechanisms underlying
successful retention of spatial knowledge in order to assess the impact of guided navigation
on spatial memory.



1.2 Active versus Passive Navigation

One approach for understanding spatial navigation is through the lens of active versus pas-
sive exploration (Dahmani & Bohbot, 2020; Gardony et al., 2013). In the literature, active
navigation is said to involve both cognitive (mental manipulation of spatial information,
allocation of attention, and decision-making) and physical (motor control for locomotion,
proprioceptive, and vestibular sensory information) components (Chrastil & Warren, 2012).
Put simply, walking to the nearby grocery store is a perfect example of active exploration,
as it requires you to remain aware of your surroundings, while also initiating the correct
sequence of actions to reach your destination. In some cases, you might even decide to
take a shortcut to the grocery store if you encounter a train crossing and see a train pass-
ing. In these situations, you are motivated to reach the store and must engage in mental
manipulation of the environment, allocate attention, make decisions at key intersections,
and activate motor control for locomotion.

On the other hand, passive navigation is said to require very little cognitive and motor
effort (Chrastil & Warren, 2013). This type of navigation is similar to being a passenger on
a bus. You may be visually aware of your surroundings, but you are not actively moving
your body or making directional decisions. In fact, Appleyard (1970) was one of the first
researchers to demonstrate that bus passengers retain little knowledge of the broader spatial
environment, whereas drivers, who actively make their own navigational decisions, develop
greater survey knowledge, a global, bird’s-eye view of routes and spatial relationships within
a city. This distinction aligns with differences in spatial referencing: passive travelers rely
primarily on egocentric cues tied to their immediate viewpoint, whereas active navigators
engage allocentric processing, allowing them to build more stable, map-like representations
of the environment. Indeed, the seminal study by Maguire and colleagues (2006) revealed
that taxi drivers with several years of navigation experience exhibited additional gray
matter volume in mid-posterior hippocampi and less volume in anterior hippocampi. This
finding reveal the hippocampus to be a critical structure underlying flexible spatial learning
and memory, promoting the ability to integrate routes into a coherent cognitive map of
the environment.

With the advent of GPS devices, we now have a new type of navigation aid to consider
when studying spatial memory. That is, we must now consider the effects on memory
when one is navigating under the direct influence of a GPS aid. Here, decision-making is
removed from the navigator, but motor engagement still required.



1.2.1 The Role of Decision-making in Active Exploration

Decision-making in particular has been predicted to be a key component in successfully
acquiring spatial knowledge about an environment (Carassa et al., 2002; Farrell et al.,
2003; Stulpnagel & Steffens, 2012). For example, Munzer and colleagues (2006) found that
a mobile navigation device that presented systematic route directions during navigation
impaired later landmark, relative to the use of a physical map. The authors interpreted the
benefit afforded by map-guided navigation (i.e., physical map) as due to the cognitive effort
required by the participant. That is, a physical map required one to develop an integrated
representation of landmarks represented along routes, and to transfer this information to
route choices (decision-making) in the real environment. Engaging such cognitive processes
is believed to have facilitated memory.

Similarly, Gardony and colleagues (2013) provided verbal navigation commands (e.g.,
“Forward”, “Slightly to the right in 100 ft”) every five seconds as participants explored vir-
tual environments. These researchers found that the presence of a navigational aid impaired
spatial memory assessed by recall of landmarks, and accuracy in later map drawings. They
suggested that providing directional instructions in advance impairs participants’ ability
to form a coherent mental representation of routes travelled and to successfully encode
the nearby landmarks specific to that route and location. Put another way, listening and
holding verbal commands in working memory during navigation is believed to compete for
cognitive resources needed to retain an accurate representation of the spatial information.

Further, in a study conducted by Bakdash and colleagues (2008), participants’ mem-
ory for the spatial layout of a virtual environment was assessed after encoding various
environments in one of three ways: (1) active exploration involving both decision making
and motor control, (2) deciding the path of travel with no volitional motor control [i.e.,
“backseat driver”] and (3) controlling a joystick for movement while receiving directions
(no decision-making). During the test phase, spatial knowledge was measured by having
participants point to target locations previously seen during exploration. Bakdash and
colleagues (2008) found that pointing accuracy to target locations was comparable when
the virtual environments were encoded under active navigation, and when decision-making
was employed at encoding in the absence of motor control. In other words, simply exert-
ing motor control did not benefit spatial memory. It is important to note, however, that
the results observed by Bakdash and colleagues (2008) pertain specifically to memory for
selective locations, as opposed to route memory, since participants had to simply point to
target locations in a scene rather than demonstrate memory retention of a route.

Chrastil and Warren (2015) also found decision making was a key component of active
learning for the acquisition of graph knowledge (known connectivity of the environment,
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encompassing all routes). They examined the roles of visual information, idiothetic cues
(e.g., motor/proprioceptive cues), and cognitive decision-making in acquiring topological
graph knowledge. In a Desktop-VR setting !, participants learned object locations in a
virtual maze either by walking or watching a video, while making their own path decisions
or being visually-guided. Graph knowledge was then assessed using a shortest route task,
in which the participant walked through the corridors of the maze from a starting object
to the remembered location of a target object. Results revealed decision making, rather
than idiothetic cues, to be the primary contributor to graph knowledge. This type of task,
as described in their study, does not assess the exact memory for a route travelled, but
rather the ability to integrate knowledge of various known paths to take novel routes (i.e.,
graph knowledge).

These studies collectively emphasize the important role of decision-making to spatial
memory, particularly for broader survey and graph knowledge. Route knowledge on the
other hand, entails the recollection of specific actions (e.g., turning left or right) at partic-
ular decision points along a route (see Chrastil & Warren, 2012 for review). Hence, it is
possible to remember turns solely based on one’s initial motoric or procedural memory for
the paths taken. To date, researchers have not examined route retrieval using a series of
ecologically valid experiments conducted in virtual reality environments that closely sim-
ulate real-world city navigation. Given the current gaps in the literature, it is worthwhile
to assess route memory under distinct navigation conditions that differ in the use of motor
engagement and decision-making in order to better understand the cognitive mechanisms
underlying this form of spatial memory. To this end, one of the aims of this thesis was to
examine whether visually guided exploration in which a participant exerted motor control
to explore a prescribed route, in the absence of decision-making, hindered route memory
relative to active and passive navigation. This is an important question to address as
navigation use has increased considerably in the recent years, and it is still unclear in the
literature whether route memory, in particular, is dampened by the use of a navigation
aid.

!Desktop VR refers to a virtual reality system that is experienced on a standard computer screen
(desktop or laptop) rather than through an immersive head-mounted display (HMD). In Desktop VR, users
interact with a virtual environment using conventional input devices such as a keyboard, mouse, or game
controller, and the environment is viewed through a standard monitor rather than being “surrounding”
them in 3D space (Chrastil & Warren (2015).



1.2.2 A Role for Motor Engagement in Spatial Memory

Another viewpoint to consider when understanding spatial navigation is the egocentric
frame of reference. The egocentric system operates from a first-person perspective, where
individuals rely on their body movements and sensory feedback, such as proprioception and
vestibular cues, to navigate and determine their location (Epstein et al., 2017). The allo-
centric frame of reference, in contrast, utilizes a top-down perspective, relying on external
landmarks to orient oneself in space. Both systems work together to create a comprehen-
sive spatial map. A key difference between these frames is the type of cue supporting each
frame of reference. Egocentric navigation depends on inertial cues that engage the dorsal
striatum, supporting the encoding of routes and procedural memories. These cues include
proprioceptive feedback, vestibular signals, and accelerative cues, all contributing to the
perception of self-motion. In contrast, allocentric navigation is enhanced when individuals
freely make decisions about their path, connecting landmarks and routes to form a global
spatial representation of the environment.

Successful navigation incorporates both cognitive (e.g., mental manipulation of spa-
tial information, decision-making) and motoric (e.g., proprioceptive and vestibular sensory
feedback) components (for a review see Cullen & Taube, 2017). These components are
believed to combine to create a multi-modal representation of the environment. For ex-
ample, motor information gathered during exploration through self-motion cues (such as
head turns and body movements) plays a significant role in encoding spatial information,
particularly to route memory (for a review see Cullen & Taube, 2017). Cognitive functions
like decision-making, attention, and mental manipulation are managed by the frontal lobes
and hippocampus, forming allocentric representations of space and helping us remember
specific landmarks and routes (Jerald & Marks, 2016).

In addition, research with rodents has also underscored the importance of motor cues
in supporting spatial memory (Vorhees & Williams, 2014). For instance, self-motion cues,
especially vestibular and proprioceptive signals, have been shown to be essential for navi-
gation (Waller & Nadel, 2013). The vestibular system, which contributes to balance and
motion detection, and proprioception, which provides feedback about limb and body po-
sition, are both critical for encoding spatial information. Studies have demonstrated that
damage to either system significantly impairs animals’ ability to navigate and form accu-
rate mental representations of their environment (Coto et al., 2021). These findings suggest
that motoric engagement is not merely supportive but fundamental to spatial memory for-
mation.

If motor control underlies route memory, then older adults who show age-related motor
decline may not benefit from encoding conditions that only promote motor engagement.



Instead, they may particularly need, and benefit, from active navigation conditions that
encourage self-initiated decision-making. Specifically, because older adults experience de-
cline in key brain regions involved in decision-making and spatial learning, such as the
frontal lobes and medial temporal lobe structures, relying heavily on devices for naviga-
tion may impair their ability to remember routes and to associate landmarks with specific
paths that support memory (Buckner, 2004; Konishi & Bohbot, 2013). A second goal of
this thesis was to examine whether older adults distinctively benefit from active navigation
strategies that engage decision-making, compared to guided and passive conditions that
limit such involvement.

1.3 Aging and Spatial Memory

Healthy aging is accompanied by a variety of neural changes, with the frontal lobes and
hippocampus being especially vulnerable (Raz et al., 2005; Park & Reuter-Lorenz, 2009).
These changes are not merely structural but have functional consequences that affect cog-
nition and adaptability. For example, Raz and colleagues (2005) conducted a longitudinal
study demonstrating significant shrinkage in regions such as the caudate, cerebellum, hip-
pocampus, and association cortices, with the hippocampus showing an annual atrophy
rate of approximately 0.86%. This neurodegeneration is associated with observable diffi-
culties in forming and retaining spatial memories (Buckner, 2004; Harris & Wolbers, 2012;
Rosenbaum et al., 2012).

These declines extend beyond memory and impact quality of life, as impaired spatial
abilities can reduce older adults’ ability to engage in everyday activities such as social
outings, attending appointments, and walking. Functional imaging studies have found
that, during memory encoding, older adults show heightened activation in frontal regions
(Cabeza et al., 1997; Cabeza, 2002) but reduced activation in medial temporal areas, in-
cluding the hippocampus (Grady et al., 1995; Daselaar et al., 2003; Park & Gutchess,
2004). These patterns are believed to reflect compensatory mechanisms, where frontal re-
cruitment attempts to overcome declining hippocampal-based memory functioning (Park &
Reuter-Lorenz, 2009). The success of this compensation is thought to depend on lifestyle
factors such as education, physical activity, cognitive engagement, and nutrition (Buck-
ner, 2004; Gutchess et al., 2005). Importantly, these neural patterns differ between high-
and low-functioning older adults: high-functioning individuals tend to show more effec-
tive frontal compensation and better-preserved hippocampal engagement, whereas low-
functioning adults exhibit weaker compensatory recruitment, leading to greater spatial
difficulties and steeper declines in everyday navigation (Buckner, 2004).



In addition to neural decline, aging is also marked by reductions in motor function,
including slower coordination and diminished proprioceptive sensitivity (Park, & Gutchess,
2004; Park, & Reuter-Lorenz, 2009; Ward and Frackowiak, 2003). These changes further
impair an individual’s ability to navigate effectively. Older adults may find it difficult to
rely on the proprioceptive and vestibular cues that support spatial encoding in younger
populations (Park, & Gutchess, 2004; Park, & Reuter-Lorenz, 2009). In addition, age-
related declines in executive functioning and decision-making may hinder performance tasks
that require integration of movement and spatial reasoning, such as identifying alternate
routes or recalling directions in unfamiliar environments.

Despite these challenges, emerging evidence suggests that targeted engagement in
decision-making tasks during navigation may help mitigate spatial memory decline in older
adults (see review by Fricke et al., 2022) . Studies comparing young and older participants
have shown that requiring decisions during route learning can improve memory for older
adults, potentially compensating for declines in motoric input. For example, in the study
by Meade and colleagues (2019), both younger and older adults explored novel spatial
routes that were either actively or passively encoded. During active encoding, participants
decided the route of travel and exerted volitional control of their movements by using a
button press. Passive exploration simply consisted of viewing a pre-selected route. During
retrieval, participants were placed in the same starting location and asked to retrace the
previously traveled route. Findings revealed that active navigation, compared to passive
viewing during encoding, resulted in a higher accuracy in spatial memory, with the magni-
tude of this memory enhancement being significantly larger in older than in younger adults.
This suggests that decision-making processes, particularly those supported by frontal lobe
activation during active exploration, may serve as a critical buffer against age-related spa-
tial memory loss.

1.4 Individual Differences in Spatial Memory

In addition to spatial memory performance, I was also interested in documenting any
individual differences in the influence of each navigation condition on memory. After par-
ticipants completed the exploration and retrieval phases in VR, I asked them to complete
a questionnaire probing for individual differences in everyday navigation proficiency as
measured by the Santa Barbara Sense of Direction Scale (Hegarty et al., 2005; SBSODS).

I also measured whether there were any differences in self-reported levels of motivation
and preference to explore in one of the three navigation conditions (passive, guided, and ac-
tive). Past studies have reported a critical role for motivation in enhancing spatial memory
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in children, younger, and older adults (Gruber et al., 2014; Sakaki et al., 2018; Sivashankar
et al., 2024). For example, Gruber and colleagues (2014) have suggested that we better
encode information that we are motivated to acquire because it better engages attention,
promotes exploration, and leads to information-seeking behaviour, ultimately enhancing
memory. This neurocognitive framework stresses the interplay between motivation and
the so-called reward networks in the brain, whereby motivation induces a state of curios-
ity that enhances memory through the release of dopamine in the hippocampal memory
system (Lisman & Grace, 2005). Further, prior studies have linked hippocampal volume
and blood flow to ‘active’ navigation. That is, when motor control and decision-making
are required at exploration (Javadi et al., 2017; Konishi and Bohbot, 2013; Maguire et
al., 2000) these indices increase. In light of these findings, I predicted that hippocampal-
mediated memory for a route travelled (Jansen-Osmann & Wiedenbauer, 2004) would be
better remembered if greater motivation is reported for a given navigation condition. I
was interested in determining whether participants were more motivated to explore in the
active and guided conditions, relative to passive, as this could be sufficient to explain any
subsequent benefit to memory. Finally, I measured simulator sickness (Kennedy et al.,
1993; Simulator Sickness Questionnaire) and one’s sense of presence in VR to assess the
“realness” of the virtual environments (Schubert et al., 2001; Igroup Presence Question-
naire). This too could indirectly influence memory performance for the routes travelled in

VR.

1.5 Present Investigation

One of the objectives of the present thesis was to examine whether motor engagement or
decision-making plays a more central role in supporting spatial memory, particularly in
route learning contexts. To address this, Chapter 2 explored spatial memory under three
navigation conditions: Active, Guided, and Passive.

In the Active condition, participants navigated freely through a virtual environment,
requiring both motor engagement and decision-making during encoding. In the Guided con-
dition, participants followed a visual cue to the destination, requiring motor engagement
(i.e., pressing the trackpad of the VR controller to move) but not independent decision-
making. In the Passive condition, participants are passively transported along the route,
removing both motor and decision-making components. This design allowed for a system-
atic investigation of whether varying the level of motoric engagement at encoding affected
route memory performance, assuming motor cues played a central role in spatial learning.

Another reason to examine guided navigation and route memory was that relying on



external devices to reduce processing demands may negatively affect memory performance.
For example, Risko and Gilbert (2016) define cognitive offloading as the use of physical ac-
tion or affordances of the external environment to modify the cognitive demands required
by a task. An example of a physical action is using fingers to solve simple arithmetic
calculations or using gestures to convey meaningful information during speech (Novack &
Goldin-Meadow, 2015; Sivashankar & Fernandes, 2022; Sivashankar et al., 2023). That is,
offloading to the external environment involves using an external repository to hold infor-
mation, or to help us retrieve information (see Risko & Gilbert, 2016 for review). Without
an external aid one must register, rehearse, and maintain an internal representation of the
information. Past research examining the negative impact of offloading on human cog-
nition has found that memory for the offoaded information is poor in participants who
saved to-be-remembered items on a computer, relative to individuals who had to commit
the target items to memory (Sparrow et al., 2011). Similarly, I too predicted that the
presence of a navigational aid might impair memory for routes travelled, relative to when
one explored without such an aid.

A second objective was to examine how these navigation strategies affected older adults,
a group for whom both motoric and executive functioning are known to decline. There
is reason to believe that older individuals may gain differentially from active navigation
strategies that allow for self-initiated decision-making about the travel path, and would
suffer when decision-making is removed, as in cases of guided navigation. For example,
neural evidence shows that self-initiated decision-making during navigation strengthens
connectivity between frontal and hippocampal regions (Euston et al, 2012; Konishi &
Bohbot, 2013); these are the brain areas subject to the most deterioration as a result of
aging. As well, other research suggests that having a sense of agency, which is limited when
using GPS devices, can serve to benefit memory (Hon & Yeo, 2021). Similarly, research
has shown that a lack of perceived control can reduce memory in older adults (Lachman &
Agrigoroaei, 2012), therefore the use of GPS may have negative consequences. Together,
these investigations aim to clarify the cognitive mechanisms that best support spatial
memory and inform strategies for maintaining navigational independence in older age.

Beyond route memory performance, I also examined item recognition memory for land-
marks encountered during exploration. Specifically, in Chapter 4, both younger and older
adults were asked to identify target landmarks from the environments they explored. Land-
mark memory is an essential component of spatial memory, as it involves recalling key
buildings, objects, and items that can serve as cues to selectively remember routes and
the broader spatial layout (Richter & Winter, 2014). Neuroimaging research has identi-
fied the parahippocampal region as central to landmark processing (Liang et al., 2023;
Sun et al., 2021). In an aging population that increasingly relies on contextual cues to



support memory encoding, I sought to investigate potential age differences in landmark
memory performance. Although neural tissue surrounding the parahippocampal region
may undergo age-related atrophy, prior studies suggest that older adults are more likely
than younger adults to actively use contextual cues to anchor themselves in space (An-
derson & Craik, 2017; Fricke et al., 2002), potentially enhancing subsequent landmark
memory. Moreover, I was also interested in learning how different navigation strategies
such as passive, guided, and active exploration, will influence landmark memory. If the
mechanisms underlying landmark memory are parallel to those of route knowledge, which
prior human and animal studies show depend on motoric input, then a similar effect of
navigation condition on performance would be expected. However, if landmark memory
relied on distinct neural systems from route memory, then navigation strategy may exert
a differential influence on memory for landmarks. Examining different types of spatial
memory under the three navigation conditions offered a clear insight into the cognitive
mechanisms required by each.
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Chapter 2

Motoric Engagement, But Not
Decision-Making, During Encoding
Influences Route Memory

2.1 Introduction

In trying to understand factors that influence memory for routes travelled, past studies
have suggested significant spatial memory benefits when encoding is ‘active’ rather than
‘passive’ (Chrastil & Warren, 2012; Jebara et al., 2014; Meade et al., 2019; Sauzéon et al.,
2016). That is, spatial learning is significantly impaired when individuals passively view
routes, as in the case of a passenger who is simply observing a path, relative to a driver
who actively initiates their own decisions about where to explore and how to arrive at a
location (see Chrastil & Warren, 2012 for review).

The benefits of active exploration are thought to arise from both cognitive processes
such as mental rotation, attentional allocation, and decision-making, and physical compo-
nents, such as motor control for locomotion as well as proprioceptive and vestibular inputs
(Chrastil & Warren, 2012). It is unclear, however, which of these components drives the
benefit of active exploration on subsequent memory for routes travelled. That is, is it the
motor or the decision-making aspect of active navigation that is critical? Some suggest
decision-making is a key component in successfully acquiring spatial knowledge about a
map (Carassa et al., 2002; Farrell et al., 2003; Stulpnagel & Steffens, 2012). On the other
hand, Day and Fitzpatrick (2005) and Smith (2017) have shown that body-based motor
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cues arising from proprioceptive and vestibular systems, engaged during encoding, are crit-
ical to spatial navigation. Spatial navigation requires the continuous integration of visual
information, along with vestibular and proprioceptive cues, to enable both purposeful and
safe navigation (for a review see Cullen & Taube, 2017).

Relatedly, it is unclear whether following directions provided by an external aid helps
or hinders later route memory, as this type of guided navigation retains volitional control
of movement, but removes decision-making (i.e., self-directed choice). In the current Ex-
periment, the way in which we provided directions during the guided navigation condition
differed in two critical ways from past studies: first, participants received a visual cue
(shown in the colour yellow, directly overlaid on the path to be taken) directing them to
the correct route to find the target object (a gold star). Second, participants did not need
to hold verbal instructions in working memory, as they simply had to follow the visual cue
that was always present in the form of an overlaid path. Importantly, I believe that the
guided navigation condition used in the current Experiment better reflected how driving
directions are provided in the real word, as navigational guidance in the form of a visual
cue or verbal commands are always present and available to the driver (no working mem-
ory load). Thus, the aim of this chapter was to investigate whether guided exploration, a
navigation type that is analogous to following systematic directions from a GPS, hindered
route memory.

2.1.1 Current Study

In the current study, I was particularly interested in route memory, to better understand
the possible consequences of following systematic directions from a GPS. Route memory
requires the successful retrieval of precise place and specific action sequences at identifiable
locations or decision points (Malley et al., 2018). To examine this research question,
participants explored 12 environments within virtual-reality (VR) in one of three ways:
(1) viewing a video of a pre-recorded path with no volitional motor control (hereafter
referred to as ‘passive’), (2) freely exploring an environment while making decisions about
where to turn and how to arrive at a location (hereafter referred to as ‘active’), or (3)
receiving visual guidance to a final destination (hereafter referred to as ‘guided’). The use
of VR allowed me to simulate real-world environment layouts of cities around the world
(e.g., Tokyo, New York), and to examine both the physical and cognitive contributions to
route memory. To assess memory for routes travelled at encoding, participants were placed
at the exact same starting position within each VR environment, and were instructed to
reproduce the path they had taken during initial exploration. This novel approach enabled
me to accurately measure route memory in VR.
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There is a possibility that removing decision-making during exploration could limit
creation of a mental representation for the routes explored. For example, some researchers
have noted that decision-making during navigation requires one to draw on previous expe-
riences to inform navigational decisions (Shohamy & Daw, 2015). It is believed that the
self-referential cues evoked by a requirement to decide, then enhances memory for those
key decision points when called to retrieve. Further, it is well-known that the medial
pre-frontal cortex (mPFC) plays a critical role in decision-making (Euston et al., 2012).
Recent studies suggest the involvement of mPFC in strengthening hippocampal-dependent
memories for events which require decision-making (Sul et al., 2010). The strong network
connectivity between the ventral half of the hippocampus (critical for encoding spatial
locations via place cells) and mPFC offers further anatomical evidence of this interaction
(Preston & Eichenbaum, 2013; Shin et al., 2019). Thus, it is possible that active naviga-
tion could confer the greatest benefit to route memory, followed by guided and then passive
exploration.

On the other hand, it is important to note that efferent motor commands that deter-
mine the path of travel during volitional motor control are also suggested to be critical in
mediating the benefit of active navigation to spatial learning (Chrastil & Warren, 2012).
Notably, past work in humans has shown that successful representation of a cognitive map
involving both landmark and route knowledge exclusively relies on the intact functioning of
the vestibular system and other body-based motor cues (Jabbari et al., 2021; Waller et al.,
2004). Thus, it is possible that memory in the guided condition would be similar to that in
the active one if these motoric contributions outweigh the cognitive, decision-making, con-
tribution. Thus, I examined whether a navigation type that engaged the motoric system at
encoding, in the absence of decision-making, conferred a benefit to memory proportional
to active navigation.

2.2 Methods

Participants. After conducting a power analysis using G*Power software (version
3.1), a sample size of 43 participants or greater was deemed necessary to achieve 90% power
to detect a medium-sized (Cohen’s d = 0.5) main effect in a within-subjects design (i.e., a
one-way repeated measures), with an alpha level of 0.05 (Field, 2005). Fifty undergraduate
students (30 males, 20 females; Mage = 22.0, SD = 2.20) from the University of Bordeaux
in the New-Aquitaine region of France, were recruited on a volunteer basis to participate
in the study. The Research Ethics Committee at University of Bordeaux and University
of Waterloo approved all study procedures. Written informed consent was obtained from
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all participants prior to experimentation. Data collection took place between March and
August of 2022.

Materials. VR application: A computer-run VR application was designed on the 3D
Unity (C) engine (ver. 2019.4.4f1; see specifications on https://www.vive.com/ca/), using
the software Mapbox (https://www.mapbox.com/). Mapbox generates game objects for
roads and structures using open-source geolocation data and 3D scans of buildings, re-
quiring a GPS position and a zoom scale to specify the perimeter of the location that is
being simulated. Unity (C) engine is a game development platform used by game designers
to create virtual environments for players to explore. In my experiment, I paired a VR
immersion plugin with 3D Unity (C) engine that generated game objects using geolocation
data from real cities, creating an application that allowed participants to use VR head-
sets to virtually explore custom-created 3D environments based on real-world environment
layout of selected cities.

The VR application included 12 Virtual Environments (VEs) created by entering the
longitudinal and latitudinal coordinates of various cities around the world (e.g., Abu Dhabi,
Chicago, Grenoble, London, Manhattan, Prague, Rio de Janeiro, San Francisco, Singapore,
Sydney, Tokyo, Windsor) into the Mapbox Environments SDK for Unity (C) engine. My
VR application allowed participants to explore VEs with a lightweight HTC VIVE headset
(HTC Corporation; Valve Corporation) and handheld controllers, with continuous button
press and heading rotation, for an easy-to-use control interface. Environments in my VR
program were chosen to contain sufficient path complexity, and to be equivalent in en-
vironment sizes. Path complexity was operationalized to be the number of intersections
(i.e., total possible turns) contained in each environment. Google Maps Street™ View was
then used to decide specific streets within an environment to include in my VR program.
Environments were all topographically (i.e., structural organization of the environment)
similar, with an average area of 100,000 square meters (measured using Google EarthTM
polygon tracing) with a minimum of 4 and a maximum of 20 intersections (point at which
two or more roads converged). Since I created the environments to simulate how the cities
appear in the real world, some environments contained a greater number of intersections
than others'. Following environment selection, I integrated landmarks into each environ-
ment according to observations made from Google Maps™ Street View. These landmarks
were 3D models of various objects that are commonly observed throughout a city, such as

!The mean number of intersections crossed at encoding during passive exploration was 12.0, guided
was 12.1, and active was 9.7. There were no significant differences between the number of intersections
traversed during each exploration type. Importantly, the number of intersections traversed at encoding
for each condition did not correlate significantly with route memory performance (Active: r(48) = —.09,
p = .515; Passive: r(48) = .08, p = .570; Guided: r(48) = .14, p = .347).
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benches, trees, water fountains, bus stops, and traffic lights, downloaded from the free-to-
use online source, Sketchfab (sketchfab.com). Finally, the velocity at which participants
moved in VR was set at 8ms/sec (analogous to a vehicle going approximately 30 km/hr)
within each exploration of an environment.

Measures. Calculation of route overlap as a measure of route memory: The primary
dependent variable of interest was the accuracy in reproducing the same route at retrieval
that had been travelled during encoding of environments. To obtain this measure of spatial
memory performance, the deviation in distance between the routes travelled by each partic-
ipant at encoding and retrieval, for each of the 12 environments was calculated to produce
a deviation distance measure?. That is, for every environment, I collected 40 pairs of X, Y
coordinates every second, during both initial exploration (encoding) and during retrieval,
reflecting a participant’s position in an environment. Using the Pythagorean theorem, the
Euclidean distance was calculated [d = /((#*-2')? 4+ (y*~y')?)] between each of the 40
X, Y coordinates from encoding and retrieval (Liberti et al., 2014). I then calculated the
average distance (d) value to obtain the mean deviation distance between Encoding and
Retrieval for each environment, explored by a participant. A higher value signified that
there was greater deviation between the paths making up encoding and retrieval, hence,
poorer memory for the route travelled at encoding (see Figure 1, Panel A, for perfect route
overlap between encoding and retrieval; see Figure 1, Panel B, for paths representing signif-
icant deviation). Finally, I computed the mean route overlap across the four environments
in each of the three conditions to obtain a single route overlap value that was the most
representative of route memory following passive, guided, and active exploration.

Individual difference measures administered post VR-immersion: Spatial orientation
ability of participants was evaluated with the Santa Barbara Sense-of-Direction (SBSODS)
scale (Hegarty et al., 2005). Visuospatial ability was assessed to later determine whether
inherent visuospatial skills influenced route memory performance, beyond our experimental
manipulation. Each participant rated their endorsement of 15 statements about spatial
orientation in everyday life, such as “I am good at giving directions’, indicating whether
they strongly agreed or disagreed, using a 7-point Likert-scale. After reverse scoring the
items, the responses were summed and divided by 15 to derive an average score between 1-7.
Participants then rated their motivation and preference to explore each condition (Passive,
Active, and Guided), on a 7-point Likert-scale, with increasing numbers reflecting greater
motivation or preference (e.g., “please rate your motivation to explore environments in
VR during active exploration”; “Please rate your preference to explore environments in
VR during active exploration”). I also measured simulator sickness using the Simulator

2Mean deviation distance was computed for each environment explored (12 environments in total)
separately for each condition, i.e. 4 passive, 4 guided, 4 active environments, for each participant.
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Sickness Questionnaire (SSQ; Kennedy et al., 1993) to evaluate oculomotor discomfort,
disorientation, nausea, and fatigue experienced as a result of VR exposure. We scored
this questionnaire by assigning each question a value based on the response. Each “None”
response received a score of 0, each “Slight” response received a score of 1, each “Moderate”
response received a score of 2, and each “Severe” response received a score of 3. Based
on a large sample of SSQ) data gathered from military pilots, it is suggested that total
scores can be associated with negligible (> 5), minimal (5 — 10), significant (10 — 15),
and concerning (15 — 20) symptoms (Kennedy et al., 1993). Finally, we administered the
Igroup Presence Questionnaire (IPQ) to determine the extent to which participants felt
present while exploring the VR environments (Schubert et al., 2001). Participants were
instructed to rate each statement (e.g., 'In the computer-generated world, I had a sense of
being there’, I felt present in the virtual space’) from a scale of 1 (not at all) to 7 (very
much).
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Figure 1. Panel A: Example of paths travelled in one of the virtual environments at
encoding and retrieval, showing perfect route overlap (good memory for route travelled at

encoding).
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Figure 1. Panel B: Example of paths travelled in one of the virtual environments at
encoding and retrieval, showing significant path deviation (poor memory for route

travelled at encoding).
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Procedure. Throughout the entire VR experiment, participants were seated in a
comfortable swivel chair that could turn a full 360°, placed in the center of a testing room.
Following verbal instructions on how to use the VR headset, participants completed a
practice phase with the VR equipment, designed to help them learn how to use the VR
controllers to move within the virtual space. A single handheld VR controller was sufficient
to navigate in the environment. To move forward, participants were instructed to press the
Trackpad Button of the controller. To change their direction, participants had to rotate
their head in the desired direction, as well as physically rotate in the spinning chair with
their legs, while pressing the Trigger button on the VR controller, pointed in the direction
of travel. I advised participants to take as much time as needed in the training phase in
order to become comfortable with the environment. Immediately following the training
phase, the experimental session began.

There were two main phases for each of the 12 environments: A study/encoding phase
(40 secs), and then a retrieval phase (40 secs) which followed immediately, in which partici-
pants reproduced the exact route taken at encoding. During the study phase (i.e., the route
of the path taken at encoding), participants explored each of the 12 environments within
VR in one of three conditions: Passive, Guided, and Active. Condition was manipulated
within-subject, with condition and order counterbalanced across participants.

The passive condition was created by recording 360-degree videos of a pre-defined path
for each environment. Therefore, the path observed by participants in the passive condition
differed to the paths travelled in the guided and active conditions. That is, I did not
yoke the passive condition trials to a route travelled in the active or guided conditions.
Participants observed the videos within VR to simulate the act of moving inside a vehicle
from a passenger’s seat. During passive viewing (see Figure 2), participants were provided
with the following instructions: “You will passively explore this environment. During
passive exploration, you will experience a tour of the environment leading you to a gold
star. You will be able to move your headset, but will have no control over the movement
of your hand-held controllers”. To reiterate, participants did not exert motor control for
movement, nor decide the path of travel.

The guided condition was created using Mapbox Directions API to automatically gen-
erate the optimal path between two waypoints according to path data. Specifically, one
end of the waypoint was attached to a fixed location (the gold star), while the other way-
point was attached to the participant so that the path could be updated in real time. This
path was colored in Yellow (see Figure 2) and overlaid onto the travelled path so that it
was highly visible to participants. During guided exploration, participants received the
following instructions “You will be guided during exploration of this environment. During
guided exploration, you will follow a yellow-line directing you to a gold star”. Simply put,
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during the guided exploration, participants exerted motor control using the VR controllers
(along with head and body rotation) to move forward and follow the yellow line directing
them to their end-point, but did not decide the path of travel.

During active exploration (see Figure 2), participants were free to choose the route they
travelled to find a gold star. That is, participants exerted motor control using the VR con-
trollers, and also decided the path of travel, thus, engaging both motor and decision-making
processes. Therefore, the paths travelled in the guided and active conditions differed as the
former path was experimentally controlled, while the latter was chosen by the participant.
Prior to beginning each new exploration, an instruction appeared on the screen indicating
the condition. Immediately after encoding (40 secs) a given environment, participants were
placed back at the same starting position, and asked to reproduce (move themselves) along
the route they had taken during initial exploration (encoding).

Figure 2. From left to right: passive, guided (movement was controlled via the handheld
controller), and active (movement was controlled via the handheld controller) navigation
conditions.

Passive Guided

Each participant explored all 12 environments. Encoding conditions were blocked by
type (4 environments of Passive, 4 environments of Guided, and 4 environments of Active).
The order of the three condition blocks (Passive, Guided, and Active) was counterbalanced
across participants. The total time spent in VR was approximately thirty minutes (includ-
ing a break to reduce VR fatigue, before starting a new condition). After completion of
the experiment in VR, the researcher administered the scales.
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2.3 Results

2.3.1 Route Overlap Memory Performance

I conducted a one-way repeated measures ANOVA (within-subject variable was Navi-
gation Condition, Passive, Guided, and Active) examining Route Overlap score as the de-
pendent variable®. I observed a significant effect of Navigation Condition on Route Overlap
Memory score, F'(1.50, 73.37) = 5.25, MSE = 490.29, p = .013, 7712) = 0.10 (see Figure 3 for
means)?. T then conducted paired sample t-tests to compare Route Overlap score in each
of the three Navigation Conditions (Passive, Guided, and Active). Passive exploration
resulted in the highest mean deviation in route overlap accuracy relative to Guided and
Active Navigation Conditions, #(49) = 2.53, p =.015, BF1o = 2.72,d = 0.36,95% CI [0.07,
0.64], and t(49) = 2.43, p = .019, BF 1y = 2.19, d = 0.34,95% CI [0.06, 0.63], respectively.
There were no significant differences between Active and Guided exploration on Route
Overlap accuracy, £(49) = 0.20, p = .841, BFy; = 6.38,d = 0.03,95% CI [-0.25, 0.31]°.

3In addition to route overlap, I also measured the number of stops made at encoding and retrieval for
all three navigation conditions. I did not observe any significant correlations between route overlap score
and this metric (p > .05). I, however, found a significant negative correlation between distance travelled
at encoding and route memory in the Active condition, such that, as distance travelled increased, the
deviation in route memory performance decreased (i.e., better memory; 7(48) = —.37, p = .008). No such
significant relation was found for Guided or Passive navigation.

“Mauchly’s test indicated that the assumption of sphericity had been violated (p < .05) thus; a
Greenhouse-Geisser correction was applied.

5Bayes factors were calculated using the Bayes-Factor package for R, enlisting a default Jef-
freys—Zellner—Siow (JZS) prior with a Cauchy distribution (center = 0, r = 0.707). This package compares
the fit of various linear models. In the present case, Bayes factors for the alternative (BFjg) are in com-
parison to null models with subject-level random error. Bayes factor interpretations follow the conventions
of Lee and Wagenmakers (2013). Bayes factors in favor of the alternative (BFi) or null (BFp;) models
are presented in accordance with each preceding report of null hypothesis significance testing analyses
(i.e., based on a p < .05 criterion). A BFjo > 1 is interpreted as evidence in favour of the alternative
hypothesis, while BFj; > 1 is interpreted as evidence in favour of the null.
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Figure 3. Route overlap (measured by deviation distance between path travelled at
encoding and retrieval) score across Passive, Guided, and Active conditions.
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Note. Higher the score on the deviation distance, poorer the memory for routes travelled
at encoding. Error bars reflect the standard error of the means.

2.3.2 Difference in Self-reported Levels of Motivation and Pref-
erence to Explore

I conducted one-way repeated measure ANOVAs to detect significant differences in moti-
vation and in preference rating. As predicted, I observed a significant effect of Navigation
Condition on self-reported motivation F(2, 98) = 45.90, MSE = 2.15, p < .001, 77;% = 0.48.
Participants reported greater motivation to explore environments under Active and Guided
Navigation Conditions (see Figure 4 for means) than Passive, #(49) = 9.56, p < .001,
BFyy=9.57, d = 1.35, 95% CI [0.96, 1.73], and #(49) = 5.72, p < .001, BF o = 2.487°4,d
= 0.81, 95% CI [0.49, 1.13], respectively. Notably, participants endorsed Active Navigation
as evoking greater motivation for exploration, relative to Guided, #(49) = 3.92, p < .001,
BF1y=90.31, d = 0.55,95% CI [0.25, 0.85].

Using preference scores as the dependent variable we again observed a significant main
effect of Navigation Condition, F(2, 98) = 49.00, MSE = 3.06, p < .001, 1> = 0.40.
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Specifically, participants preferred to explore environments under Active and Guided nav-
igation strategies (see Figure 4 for means) significantly more than in Passive, ¢(49) =
8.19, p < .001, BF1q = 1.03,d = 1.16,95% CI [0.80, 1.51], and #(49) = 8.90, p < .001,
BF1y = 1.12,d = 1.26,95% CI [0.88, 1.63], respectively. There were no significant dif-
ferences in preference rating between Active and Guided Navigation Strategies, (49) =
1.16, p = .252, BF; = 3.46,d = 0.16,95% CI [-0.12, 0.44]. I did not, however, find any
significant correlations between motivation and preference scores and route overlap in any
one of the three navigation conditions (p > .05).

Figure 4. Mean motivation and preference scores for Passive, Guided, and Active
conditions.
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2.3.3 Correlation Between Route Overlap Score and Individual
Difference Measures

Given my goal of determining whether route memory performance in each of the navigation
conditions was related to various individual difference factors pertaining to spatial naviga-
tion (measured by SBSODS; M = 4.08, SD = 1.09), sense of presence in VR (measured by
IPQ; M = 3.81, SD = 0.47), and simulator sickness (measured by S5Q; M = 11.60, SD =
8.65), I ran a series of Pearson correlations. I did not observe any significant associations
between route overlap (in Passive, Guided, and Active explorations) and inherent spatial
navigation abilities of participants, VR sickness, and sense of presence (p > .05).

2.3.4 Assessment of Path Complexity Across the Three Explo-
ration Conditions

I also considered whether differences in path taken across the three exploration conditions
influenced subsequent memory for the route travelled. I applied an angle-based measure
(see Appendix for a detailed description of the equation) of path complexity to each partic-
ipant’s encoding phase of each environment. That is, I recorded each participant’s position
within each environment, at each time-point during their 40-second exploration. I then
derived displacement vectors between positions at each consecutive time-point. Next, I
calculated the angle between each pair of consecutive displacement vectors and normalized
these angles to represent a complexity score between 0 and 1, such that a 0-degree turn
(straight path) has a complexity of 0, and a 90 degree turn or greater has a complexity of
1. Finally, I tabulated the average of the individual turn complexity scores to determine
the overall path complexity in percentage, for environments by condition. Figure 5 shows
path complexity percentages for all twelve environments explored by a participant, with
those explored in the Active condition shown in blue, in the Guided condition shown in
green, and in the Passive condition shown in black.

I conducted a one-way repeated measures ANOVA comparing the percentage of path
complexity across the three Encoding conditions (active, guided, and passive). I found
a significant main effect of path complexity, F'(1.09, 53.18) = 6.64, MSE = 0.01, p =
011, ngz 0.12. Bonferroni corrected t-tests revealed that the path explored during the
active encoding condition (M = 13%; SD = 0.13) was significantly more complex than
that of the passive condition (M = 7%; SD = 0.01), t(49)= 3.64, p = .001, d = 0.72,
95% CI [0.21, 1.22]. No other significant differences emerged. Correlational analyses also
revealed no significant relationship between active, guided, and passive path complexity,
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and route memory performance (p > .05). In light of these findings, I do not believe that
any variations in the path taken could have significantly influenced route learning.

24



Figure 5. Sample of a participant’s path complexity and percentage (shown underneath)
of each environment explored, with Passive condition shown in black, Guided condition in
green and Active condition in blue.
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2.4 Discussion

Past research suggests that active relative to passive exploration of an environment en-
hances memory. Past work also suggests that active navigation requires engaging both
cognitive (mental manipulation of spatial information, allocation of attention, and decision-
making) and physical (motor control for locomotion, proprioceptive, and vestibular sensory
information) components (Chrastil & Warren, 2012). It is unclear, however, whether fol-
lowing directions provided by an external aid helps or hinders later route memory, as this
type of guided navigation retains volitional control of movement, but removes decision-
making (i.e., self-directed choice).

In the current study, I created encoding conditions that differentially required decision-
making and motor control, and compared the influence of these navigation conditions on
memory for the route travelled. Navigation condition during encoding was manipulated
within-subjects, and required either actively self-initiating decision-making about the route
of travel, or simply following a visually guided route; in both conditions, volitional con-
trol of movements occurred using hand-held controllers that engaged head, body, and
arm movements to advance through streets. In a third encoding condition, participants
passively viewed pre-determined routes within VR, requiring no decision-making and mo-
toric engagement. Of particular interest, in the ‘guided navigation’ condition, I examined
whether motor control alone, in the absence of decision-making, would limit acquisition of
route memory and render route memory, similar to that following Passive navigation.

Relative to the passive condition, both actively self-initiated and visually-guided nav-
igation similarly and significantly benefited the accuracy of route overlap between path
travelled during exploration and retrieval. Results revealed that visual navigational guid-
ance during an exploration phase does not impair later retrieval of routes travelled. 1
suggest that motor engagement involving head, body, and arm movements during encod-
ing, more so than decision-making about which route to travel, influences subsequent route
memory.

Moreover, I found that participants rated their preference to explore environments un-
der Active and Guided navigation similarly, and both more so than the environments in the
Passive condition. In terms of motivation, participants reported the greatest motivation to
explore environments under active, followed by guided and passive navigation conditions.
These findings are in line with prior work showing that elevated states of curiosity evoked
by exploratory activities or stimuli that are surprising, novel, and of intermediate complex-
ity, foster both spontaneous exploration and active learning in children, as well as younger
and older adults (Gruber et al., 2014; Sakaki et al., 2018). It is plausible that participants
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regarded both active and guided navigation to be activities of intermediate complexity and
novel, as these navigation conditions required active exploration in VR, whereas passive
exploration only required the observation of a pre-recorded path in VR. Although I found
active and guided navigation to yield better memory performance, relative to passive, I
did not detect a significant correlation between route overlap in these conditions and moti-
vation and preference reporting. I also did not detect any significant associations between
route overlap and inherent spatial navigational abilities of participants, VR sickness, and
sense of presence. Future work could examine whether a relationship might emerge by
gathering more precise moment-by-moment measurements of motivation and preference
during the exploration phase. Another approach would be to experimentally manipulate
participant’ level of motivation and preference by asking them to explore an environment
that is personally salient, or that is void of landmarks and simple in environment configu-
ration.

2.4.1 Limitations

In the current study, motor control by the participant entailed head and body rotation,
while seated in a chair that could turn a full 360°. It is true that sitting limits sensory and
motor cues about one’s location in space when exploring a new environment, relative to
walking. However, my research paradigm still allowed for participants to engage sufficient
motor command to dictate the path of travel (i.e., motor signals to enable head and body
rotation, and pressing of trackpad on the VR controller) and utilize vestibular information
received from head rotation (see Chrastil and Warren, 2012 for review; Von Stiilpnagel
& Steffens, 2012). Nonetheless, future studies could allow for greater motor engagement
by having participants walk while immersed in VR to better simulate the inertial cues
(i.e., cues that provide information about linear and angular acceleration) evoked when
exploring new surroundings (Waller et al., 2003).

Another limitation of the current study is that I did not control for the number of
intersections in each map, as cities were created to resemble real-world map configuration.
For example, past work revealed that pausing near intersections during active encoding
was related to, and predictive of, route overlap accuracy, illuminating another cognitive
component that contributes to the benefit of active navigation (Meade et al., 2019). Future
studies could control for the number of intersections across environments and examine eye
movements at critical intersections to examine the influence of route planning on later
memory (Zhu et al., 2022). Relatedly, I did not equate the routes travelled in the passive,
guided, and active conditions during the encoding phase. That is, I did not use a recording
of the “active” route to generate the “guided” and “passive” routes. However, my analysis
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of path complexity revealed that the path explored during the active encoding condition
was significantly more complex than that of the passive condition. No other significant
differences emerged. However, because I did not find a significant correlation between
overall path complexity and route memory performance for any of the conditions, I do not
believe this undermines my findings.

2.4.2 Conclusion

The findings of this chapter suggest that integrated self-generated motor activity at en-
coding is critical to benefit route memory. Given this, relying on an external GPS device
for route guidance may not dampen our memory for those particular routes, as long as
the motor system is engaged during initial encoding. These findings have implications for
the way in which GPS navigational aids are currently viewed by the public and by the
scientific community. Specifically, the results of the current study emphasize the need to
precisely define and measure distinct measures of spatial navigation (i.e., route memory,
survey knowledge, landmark recognition), and to determine the way in which GPS uniquely
influences each measure.
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Chapter 3

The Necessity of Motoric
Engagement in Enhancing Route
Memory

3.1 Introduction

Prior work shows that people differ greatly in their navigational proficiency (Chrastil &
Warren, 2012 for review; Weisberg & Newcombe, 2016). For example, some people can
use a map to form a Birds-eye view of spatial routes, which enables them to integrate
familiar and novel paths to assist navigation (Gaunet et al., 2001). Other people, however,
are more reliant on navigational apps such as Google Maps™, which provide turn-by-turn
instructions, to help guide them to their destination faster (Dahmani & Bohbot, 2020).
When examining memory for routes, and the spatial layout of an environment, several
studies have consistently shown that active navigation during encoding results in better
performance, relative to a passive tour of an environment (see Chrastil & Warren, 2012
for review; Maguire et al., 2006). Active encoding consists of both cognitive (mental
manipulation of spatial information, allocation of attention, and decision-making) and
physical (motor control for locomotion, proprioceptive, and vestibular sensory information)
components that are believed to be combined to create a multi-modal representation of the
path travelled (Chrastil & Warren, 2012). Passive encoding, in which the person simply
views a route without motoric engagement or decision-making about where to turn leads
to consistently poorer retention. That is, acquisition of spatial knowledge is limited when
individuals passively view routes, as in the case of a passenger who is simply observing
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a path, relative to a driver who initiates their own decisions about where to explore and
how to arrive at a location (Chrastil & Warren, 2012). Some suggest that engaging in
decision-making during encoding is the key factor benefitting later memory (see Chrastil
& Warren, 2012 for review; Weisberg & Newcombe, 2016). However, it remains uncertain
whether it is the lack of decision-making that accounts for poorer memory following passive
viewing, or lack of motoric engagement.

In Experiment 1, I found that removing decision-making during Guided navigation did
not impede memory for routes travelled relative to Active exploration. If volitional motor
engagement is truly the underlying mechanism for successful route knowledge, then altering
the level of motor control required at encoding should vary memory performance. To this
end, in Experiment 2, I examined whether altering the level of motor engagement at the
time of encoding modulates memory for routes travelled. That is, I manipulated the need
for decision-making during encoding of a new route within virtual reality (VR), as well
as the motoric demands for movement, to determine their relative influences on memory.
Movement was initiated either within Desktop viewing of environments (using a QWERTY
keyboard for movement and mouse control for rotational viewing) or within a VR headset
using a VR-compatible steering wheel that allowed for greater motoric involvement. My
goal here was to determine the degree to which motoric engagement is necessary to enhance
memory for routes.

3.1.1 Method of Implementation: Desktop Versus Headset-based
Viewing Within VR

Recent advancements in VR technology have introduced a new variable to consider when
assessing spatial memory: the type of VR device used to interact with the virtual environ-
ment. The type of VR apparatus determines not only the display modality (on a computer
monitor in Desktop viewing, or 360-degree integrated viewing with head-mounted VR),
but also the level of motor engagement with the virtual environment. Simply put, not
only is field of view (FOV) different in these implementations but so is the motoric inter-
action evoked by the system (Wilson and Soranzo, 2015; Jerald & Marks, 2016; Roettl and
Terlutter, 2018). For example, in Desktop VR, participants explore virtual environments
primarily using a keyboard to move through the environment, and a mouse to control
the camera view (i.e., to observe around an environment). On the other hand, exploring
a virtual environment using headset-based VR is quite different. Movement is typically
controlled with VR paddles, or in the case of the current study, using a VR-compatible
steering wheel to control the direction of movement (e.g., turning the wheel changes the
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direction in which the virtual environment moves), and pedals to control acceleration and
deceleration. Critically, the level of motor engagement required by the latter VR system
generates inertial cues about one’s movement and position in space that are then relayed to
the brain (Murcia-Lépez & Steed, 2016; Waller & Nadel, 2013). Inertial cues can play an
important role in spatial navigation by providing information about movement and orien-
tation relative to one’s body (Jerald & Marks, 2016; Loomis & Knapp., 2003). These cues
include proprioceptive feedback from sensory receptors in muscles and joints, vestibular
information from the inner ear that detects head position and motion, and accelerative
cues that indicate changes in velocity (Jerald & Marks, 2016). Self-motion cues integrate
these inputs to help individuals perceive their trajectory and orientation in space. When
combined with visual cues, these inertial cues are believed to enhance spatial awareness
and navigation capabilities (Jerald & Marks, 2016). In VR, replicating realistic inertial
feedback can improve immersion and accuracy, demonstrating the importance of these cues
in both real and virtual environments for navigation.

When examining the role of spatial navigation using different VR implementations, it is
also essential to consider the interactive influence of one’s sense of presence and immersion.
Presence fosters a sense of “being there”, which not only enhances the encoding of spatial
information by grounding the experience in a perceived real-world context, but may also
increase the attention devoted to the virtual environment (Makowski et al., 2017). Further,
it is hypothesized that attention mediates the positive benefits of presence on memory
(Smith & Mulligan, 2021; Makowski et al., 2017). It is reasonable to presume that under
headset-based viewing, the level of presence evoked by a virtual environment would be
higher to that simulated under Desktop viewing. Therefore, in the current work I measured
self-rated presence, post-VR immersion, to determine its influence on subsequent memory
performance.

Past research has also shown that spatial learning is most effective in immersive condi-
tions and that presence could mediate the effect of immersion on the acquisition of spatial
knowledge within virtual environments (Parong et al., 2020). For instance, Cadet and
Chainay (2020) found that using a more immersive Headset-VR device (similar to the one
used in the current study) resulted in better memory performance and heightened presence
compared to Desktop-VR implementation. Researchers also suggest that immersion plays
a critical role in enhancing spatial memory by engaging multiple sensory and motor modal-
ities (Smith & Mulligan, 2021; Makowski et al., 2017; Bampouni et al., 2024). In other
words, non-immersive devices are believed to restrict the full motor and sensory experience
that can be evoked by active navigation tasks. Conversely, immersive Headset-VR systems
that enable motor control and head movement are suggested to provide bodily-based (id-
iothetic) motor cues, which are essential for spatial memories, like route knowledge, which

31



rely on an egocentric frame of reference!.

3.1.2 Current Study

In this study, I sought to examine whether a change to the method of implementation of
environments within VR (Desktop viewing versus Headset-based VR with steering-wheel
compatibility) would alter memory for routes. In the experiment detailed in Chapter
2, I created encoding conditions that differentially required decision-making and motor
control, and compared the influence of these navigation types on memory for the route
travelled (Sivashankar et al, 2024). Navigation type during encoding was manipulated
within-subjects and required either actively self-initiating decision-making about the route
of travel (Active navigation) or simply following a visually guided pre-determined route
(Guided navigation). In both conditions, volitional control of movements occurred using
hand-held controllers that engaged head, body, and arm movements to advance through
streets (using an HTC-VIVE VR system). In a third navigation type, participants passively
viewed set routes within VR (Passive navigation) without the need to initiate decisions
about the route of travel nor engage in motoric exploration. Findings from Chapter 2
indicated that both actively self-initiated and visually-guided navigation conditions sig-
nificantly improved the accuracy of route memory compared to the passive condition.
This suggests that limiting decision-making at encoding does not hinder route memory
performance. Instead, I argued that motor engagement, involving head, body, and arm
movements during encoding, plays a more pivotal role in enhancing subsequent route mem-
ory than decision-making (Sivashankar et al., 2024). In the current Chapter, my aim was
to determine whether my findings reported in Chapter 2 would replicate when varying
the level of motor engagement allowed by different VR implementations: Desktop-VR and
Headset-VR. Such an investigation is important not only for understanding the cognitive
mechanisms underlying spatial memory, but also to offer insight into the best protocols
using VR technologies, to examine human navigation.

As in Chapter 2, a second goal of mine was to document the relationship between indi-
vidual differences in navigation abilities, preferences and motivations for various encoding
types, and to determine how trait-level curiosity influences memory performance. To this
end, I asked participants to complete a questionnaire to assess their everyday navigation

skills using the Santa Barbara Sense of Direction Scale (SBSODS; Hegarty et al., 2006).

1An egocentric frame of reference is a spatial representation system where locations and orientations
are defined relative to the individual’s own body, encompassing coordinates linked to the eyes, head, and
torso (Ruggiero et al. 2009).
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Further, I measured variations in self-reported motivation and preference for each naviga-
tion strategy (Passive, Guided, and Active) and examined whether this influenced route
memory.

In Experiment 2, participants also completed the Five-Dimensional Curiosity Scale
(5DC'). This questionnaire assesses participants’ inherent qualities of curiosity related to
joyous exploration, deprivation sensitivity, stress tolerance, social curiosity, and thrill seek-
ing (Litman, 2005). As descirbed in Chapter 2, I demonstrated a significant link between
curiosity and route memory performance in children (Sivashankar et al., 2024). In this
Chapter, I aimed to explore whether individual differences in the emotional states elicited
by curiosity, such as feelings of joy versus fear, might affect route memory. For exam-
ple, past research suggests that the emotional states underlying curiosity can differentially
shape memory. That is, curiosity paired with positive emotions such as interest or joy
tends to enhance hippocampal engagement and exploratory behavior, leading to better
route encoding and retrieval. In contrast, curiosity mixed with fear or anxiety can narrow
attention, increase avoidance, and disrupt the integration of spatial cues, ultimately impair-
ing route memory. These divergent effects highlight how the emotional tone accompanying
curiosity can either facilitate or hinder navigation performance (Litman, 2005; Sauzéon et
al., 2016). Such an examination has broader implications for understanding the influence
of curiosity on memory. Lastly, I measured simulator sickness (Kennedy et al., 1993; Sim-
ulator Sickness Questionnaire) and participants’ sense of presence in VR (Schubert et al.,
2001; Igroup Presence Questionnaire) to assess the perceived realism of the virtual envi-
ronments, and to explore whether these aspects directly influenced or mediated memory
performance.

3.2 Methods

Participants. In Experiment 2, I detected a significant main effect of naviga-
tion condition in a one-way repeated measures design, using a sample of 50 participants
(Sivashankar et al., 2024). Given that the current work extends my prior research and aims
to detect a similar effect of encoding strategy on route memory, but using different VR
apparatuses, I sought to maintain a comparable sample size for this study. This approach
ensured that the sample size was both theoretically grounded and empirically informed. In
the present study, 54 undergraduate students (16 males, 38 females; Mage = 22.0 years,
SD = 2.20) from the University of Waterloo were recruited on a volunteer basis to be in
the Desktop-VR group. Another independent sample of 54 undergraduates (16 males, 38
females; Mage = 24.0 years, SD = 3.20) were recruited to be in the Headset-based VR

33



group. The Research Ethics Committee approved all study procedures. Written informed
consent was obtained from all participants prior to experimentation. Data collection for
the Desktop-VR group began in January of 2023 and was completed by July of 2023. Data
collection for the Headset-VR group began in September of 2023 and was completed by
February of 2024. See Table 1 for descriptive statistics on individual difference measures
from participants in each group.
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Table 1.

Individual difference measures from participants in the Desitop-VR and Headset-VR Groups

Group and Measures Mean (SI)

Desktop-VE Group

Santa Barbara Sense af Direction Scale (SBSODS) 423 (0.88)
Headset based-VR Group

Santa Barbara Sense af Direction Scale (SBSODS) 414 (1.04)

Simulator Sickness Questionnaire (550) 6.17 (3.08)

I-Group Presence Questionmaire (IPQ):

Presence 472(1.51)
Spatial presence 432(0.71)
Involvement 3.91(0.47)
Expenence realism 2.85(1.42)
Total mean JPQ 3.75(0.57)

Five-Dimensional Curiosity Scale (3DC):

Jovous exploration 5.02(1.23)
Deprivation sensttivity 437(1.42)
Stress tolerance 454 (1.41)
Social curiosity 5.45 (1.04)
Thrill seeking 4.41 (3.90)

Note. For the Desktop-VR group, scales assessing simulator sickness, presence, and curiosity
were not administered.
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Materials. VR-Application: A computer-run VR application was designed on the
3D Unity (C) engine (ver. 2019.4.4f1; see specifications on https://www.vive.com/ca/),
using the software Mapbox (https://www.mapbox.com/). Environments in my VR pro-
gram were chosen to be equivalent in environment sizes. Google Maps Street™ View was
then used to decide specific streets within an environment to include in the VR program.
Environments were all topographically (i.e., structural organization of the environment)
similar, with an average area of 100,000 square meters (measured using Google Earth™
polygon tracing) with a minimum of 4 and a maximum of 20 intersections (point at which
two or more roads converged). Since I created the environments to simulate how the cities
appear in the real world, some environments contained a greater number of intersections
than others. I believe this is an advantage to our study because real-world cities naturally
vary in structural topography. The diversity in layout within our map allowed us to more
realistically assess the relationship between key factors known to impact navigation, such
as intersections (Moser et al., 2008). I then modified the specifications of the environments
to allow integration with Desktop-VR and Headset-based VR systems. The VR application
included 12 virtual environments created by entering the longitudinal and latitudinal co-
ordinates of various cities around the world (e.g., Abu Dhabi, Chicago, Grenoble, London,
Manhattan, Prague, Rio de Janeiro, San Francisco, Singapore, Sydney, Tokyo, Windsor)
into the Mapbox Environments SDK for Unity (C) engine?. The speed of travel during all
encoding conditions was controlled at 8 m/s.

I replaced the VR controls with suitable analogues for the desktop version of the ex-
periment: The SteamVR plugin, which enabled the use of the VR headset as the in-game
player camera, was replaced with a static camera attached to a player object in Unity. The
controls for the viewing angle and direction of the camera were shifted to the computer
mouse’s position and movement inputs to compensate for the removal of head rotation.
Further, the player’s movement was remapped from VR trackpad controls to the WASD
keyboard keys (i.e., the four directional arrow keys, placed on the left side of the keyboard
to allow the right hand to more comfortably use the mouse).

I then adapted the Desktop-VR version of the experiment to function with the Headset-
based VR group, with movement controlled using a VR-compatible steering wheel. To do
this, I again re-mapped the input controls onto a different hardware system. The ability to
turn left and right was assigned to a steering wheel using the [Input System Unity plugin
Version 1.6.1] Unity plugin, with the degree of wheel rotation modulating the magnitude of

2T collected data on meters traveled as a proxy for distance covered, under the assumption that traveling
faster would likely result in covering a greater distance. Correlation analysis did not reveal a significant
association between meters traveled during encoding, and route memory performance, in either group,
r(52) = .22, p = .467 (Desktop-VR) and , 7(52) = .26, p = .423 (Headset-VR).
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the turn. Moving forward was assigned to the accelerator, while the brake pedal was used
to pause at any given time during the exploration phase. Finally, as mentioned above, the
velocity at which participants moved within each exploration of an environment was set at 8
m/secs (analogous to a vehicle going approximately 30 km/hr). Each participant explored
all 12 environments. FEncoding/Navigation strategy was blocked by type (4 Passive, 4
Guided, and 4 Active), with order counterbalanced, and presented within-subjects.

Individual Difference Measures Administered Post VR-immersion. Desktop-
VR Group: Spatial orientation ability of participants was evaluated with the Santa Bar-
bara Sense-of-Direction Scale (SBSODS; Hegarty et al., 2006). Each participant rated
their endorsement of 15 statements about spatial orientation in everyday life, such as “I
am good at giving directions’, indicating whether they strongly agreed or disagreed, us-
ing a 7-point Likert-scale. After reverse scoring the items, the responses were summed
and divided by 15 to derive an average score between 1-7. Participants then rated their
motivation and preference to explore each navigation type (Passive, Active, and Guided),
on a 7-point Likert-scale, with increasing numbers reflecting greater motivation or pref-
erence (e.g., “please rate your motivation to explore environments in VR during active
exploration”; “Please rate your preference to explore environments in VR during active
exploration”).

Headset-based VR Group: Participants completed the SBSODS and rated their mo-
tivation and preference to explore each navigation type. I also measured simulator sick-
ness using the Simulator Sickness Questionnaire (SSQ; Kennedy et al., 1993) to evaluate
oculomotor discomfort, disorientation, nausea, and fatigue experienced because of VR
exposure®. I scored this questionnaire by assigning each question a value based on the
response. Each “None” response received a score of 0, each “Slight” response received a
score of 1, each “Moderate” response received a score of 2, and each “Severe” response
received a score of 3 . I then administered the Igroup Presence Questionnaire (IP(Q)) to
determine the extent to which participants felt present while exploring the VR environ-
ments (Schubert et al., 2001). Participants were instructed to rate each statement (e.g.,
“In the computer-generated world, I had a sense of being there”, I felt present in the virtual
space”) from a scale of 1 (not at all) to 7 (very much). Finally, participants completed
the Five-Dimensional Curiosity Scale (5DC'). This questionnaire assessed participants’ in-
herent qualities of curiosity related to joyous exploration, deprivation sensitivity, stress
tolerance, social curiosity, and thrill seeking (Litman, 2005).

Measures. Calculation of Route Overlap as a Measure of Route Memory: The primary

3Based on a large sample of SSQ data gathered from military pilots, it is suggested that total scores
can be associated with negligible (< 5), minimal (5 — 10), significant (10 — 15), and concerning (15 — 20)
symptoms (Kennedy et al., 1993).
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dependent variable of interest was accuracy in re-tracing the same route at retrieval that
had been travelled during the encoding of each environment. To obtain this measure of
spatial memory performance, the deviation in distance between the routes travelled by
each participant at encoding and retrieval, for each of the 12 environments was calculated
to produce a deviation distance measure!. That is, for every map, we collected 40 pairs
of X, Y coordinates every second, during both initial exploration (encoding) and during
retrieval, reflecting a participant’s position in a map. Using the Pythagorean theorem,
the Euclidean distance was calculated [d = \/((z%-2")? + (y>-y')?)] between each of the
40 X, Y coordinates from encoding and retrieval (Liberti et al., 2014). I then calculated
the average distance (d) value to obtain the mean deviation distance between encoding
and retrieval for each map, explored by a participant. A higher value signified that there
was greater deviation between the paths making up encoding and retrieval, hence, poorer
memory for the route travelled at encoding. Finally, we computed the mean route overlap
across the four environments in each of the three conditions to obtain a single route overlap
value that was the most representative of route memory following Passive, Guided, and
Active explorations.

Procedure. Desktop VR-Group: Participants first completed a practice phase to help
them learn which keyboard buttons to use to navigate within the virtual space. Through-
out the entire VR experiment, participants were seated in a comfortable chair that could
turn a full 360°, placed in the center of a testing room. They were instructed to use the
WASD keyboard keys to control movement: the W key was used to move forward, A to
turn left, S to move backward, and D to turn right. Further, participants could adjust their
camera viewing angle—and, consequently, their forward movement direction—by moving
the mouse. I advised participants to take as much time as needed in the training phase
to become comfortable with the virtual environment. Immediately following the training
phase, the experimental session began. There were two phases for each of the 12 envi-
ronments: An exploration/ encoding phase (40 secs), followed immediately by a retrieval
phase (40 secs), in which participants were asked to re-trace the exact route they had
traveled during encoding. Navigation type during encoding was blocked (4 environments
using Passive, 4 environments using Guided, and 4 environments using Active navigation),
and manipulated within-subject, with order counterbalanced.

The Passive condition was created by recording 360-degree videos showing a set path
travelled within each environment. During passive viewing (see Figure 6), participants were
provided with the following instructions: “You will passively explore this environment.
During passive exploration, you will experience a tour of the environment leading you to a

“Mean deviation distance was computed for each map explored (12 environments in total) separately
for each condition (i.e., 4 Passive, 4 Guided, 4 Active environments, for each participant).
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gold star”. Here, participants did not exert any motor control for movement (no pressing
of the keyboard), nor decide the path of travel, but could control their view using the
mouse.

The Guided condition was created using Mapbox Directions API to automatically gen-
erate the optimal path between two waypoints. One end of the waypoint was attached to a
fixed location (the gold star), while the other waypoint was attached to the participant so
that the path could be updated in real time. This path was colored in Yellow (see Figure
6) and overlaid onto the road so that it was highly visible to participants. During Guided
exploration, participants received the following instructions “You will be guided during
exploration of this environment. During guided exploration, you will follow a yellow-line
directing you to a gold star”. Simply put, participants only exerted motor control by press-
ing [W] key to accelerate within the environments, but did not decide the path of travel,
as they simply followed the yellow line directing them to their end-point.

During Active exploration (see Figure 6), participants were free to choose the route
they travelled to find a gold star. That is, participants exerted motor control via keyboard
button press and decided the path of travel, thus engaging both motor and decision-making
processes. Before beginning each new exploration, an instruction appeared on the screen
indicating the condition type. Immediately after encoding (40 secs) a given environment,
participants were placed back at the same starting position and were asked to re-trace
(move themselves) along the route they had taken during initial exploration. The total
time spent in exploration was approximately thirty minutes. I then administered the scales
(SBSODS, preference, and motivation).

Figure 6. Display seen in the Desktop-VR group. From left to right: Passive, Guided,
and Active Navigation Types.

Passive Guided Active
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Headset-VR Group: The procedure was identical to that outlined above, but with
movement on Active and Guided trials controlled using a VR-compatible steering wheel
(see Figure 7). During these trials, participants directed their gaze and oriented their head,
body, and the VR-compatible steering wheel, towards a desired path of travel. That is,
both active and guided navigation types required the participant to rotate their head to
look towards a desired path (e.g., rotating the head to the left prior to a left turn), along
with rotation of their body, and the steering-wheel, to turn left or right at intersections
(participants remained seated while they rotated in the swivel chair). In addition, partic-
ipants had control over acceleration using their foot to depress a metal pedal (see Figure
7).

Figure 7. Display during Headset-based VR. From left to right: Passive, Guided, and
Active Navigation Types.

Passive Guided

3.3 Results

3.3.1 Route Memory Performance

I conducted a 2 (Group: Desktop-VR vs Headset-VR) X 3 (Navigation Condition: Passive,
Guided, and Active) mixed Analysis of Variance (ANOVA), with the first factor being
between- and the second factor a within-subject manipulation, on Route Overlap scores.
There was a main effect of Navigation Condition, F'(1.61, 170.10) = 14.96, MSE = 303.76,
p < .001, 72 = 0.12. Both Active (M = 27.88, SD = 4.53) and Guided navigation (M =
28.36, SD = 3.56) improved route memory performance compared to Passive navigation
(M =38.18, SD = 4.78). There was no difference between Active and Guided performance.
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There was no effect of Group (Type of Device), F(1, 106) = 0.47, MSE= 417.07, p = .495,
775: 0.00. As predicted, we also observed a significant Group X Navigation Condition
interaction (see Figure 8), F/(1.61, 170.10) = 9.32, MSE = 303.76, p < .001, 7]7%: 0.08. To
understand the interaction, we conducted separate one-way ANOVAs for each Group.
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Figure 8. Route overlap (measured by deviation distance between path travelled at
encoding and retrieval) score in Passive, Guided, and Active conditions.
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Note. Lower deviation distance values indicate better memory for routes travelled. Error
bars represent the standard error of the means.

Desktop- VR Group. I conducted a one-way repeated measures ANOVA to examine
the effect of Navigation Condition on Route Overlap score as the dependent variable. There
was no significant effect of Navigation Condition, F'(1.46, 77.41) = 0.32, MSE = 485.04, p
= .638, 7]1%: .006 (see Figure 8 for means).

Headset-VR Group. 1 conducted another one-way repeated measures ANOVA to
examine the effect of Navigation Condition on Route Overlap score as the dependent vari-
able in Headset -VR Group. Here, I observed a significant effect of Navigation Condition
on Route Overlap Memory score, F(2, 108) = 45.22, MSE = 130.78, p < .001, 77]3: 0.46
(see Figure 8 for means). I then conducted paired sample t-tests to compare Route Overlap
scores across each Condition (Passive, Guided, and Active). Passive exploration resulted
in the highest mean deviation in route overlap accuracy relative to Active and Guided
Navigation Conditions, #(53) = 8.21, SE = 2.18, p < .001, BFq = 2.72,d = 1.11, and
t(53) = 7.23, SE = 2.18, p < .001, BF;y, = 2.19,d = 0.98, respectively. There was no
significant difference between Active and Guided exploration on Route Overlap accuracy,
t(53) = -1.01, SE = 2.18, p =.932, BFy; = 6.38,d = —0.18.
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3.3.2 Self-reported Motivation

I conducted a 2 (Group: Desktop-VR vs Headset-VR) X 3 (Navigation Condition: Passive,
Guided, and Active) mixed ANOVA, with the first factor being between- and the second
factor a within-subject manipulation, on self-reported Motivation. There was a main effect
of Navigation Condition, F'(2, 212) = 16.63, MSE = 2.42, p < .001, 772%: 0.14. That is,
motivation was higher in both Active (M = 5.52, SD = 1.48) and Guided conditions (M =
5.09, SD = 1.57) relative to Passive (M = 4.32, SD = 1.90). There was no effect of Group,
F(1, 106) = 1.85, MSE = 3.23, p = .177, ni: 0.02. There was a significant Navigation
Condition X Group interaction (see Table 2 for descriptives), F/(2, 212) = 4.55, MSE =
242, p = .012, 175: 0.04. To understand the interaction, I conducted separate one-way
ANOVAs for each Group.

Desktop- VR Group. 1 conducted one-way repeated-measure. There was a significant
effect of Navigation Condition on self-reported Motivation F'(2, 106) = 18.93, MSE = 2.47,
p < .001, 7];2;: 0.26. Participants reported greater motivation to explore environments
under Active and Guided (see Table 2 for descriptives) relative to Passive, #(53) = 5.93,
SE = 0.31, p < .001, BF;y = 63285.12,d = 0.81, and #(53) = 4.06, SE = 0.29, p < .001,
BF,o = 142.97, d = 0.55, respectively® . Notably, participants endorsed Active Navigation
as eliciting higher motivation for exploration relative to Guided, #53) = 2.13, SE = 0.31,
p=.038, BF, = 1.18,d = 0.29.

Headset-VR Group. There was no effect of Navigation Condition on self-reported
Motivation (see Table 2 for descriptives), F'(2, 106) = 1.93, MSE = 2.37, p = .151, 775:
0.04.

5All t-tests reported in this paper have been Bonferroni-corrected for multiple comparisons.
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Table 2.

Mean motivation and preference scores in each VR Group, following each navigation condition.

Standard deviation in parentheses.

Group and Condition

Motivation Preference
Desktop VR
Passive 3.83 (1.80) 4.02 (1.93)
Guided 5.02(1.50) 5.19(1.53)
Active 5.67 (1.40) 5.19(1.93)
Headset-based VR
Passive 4.80 (1.85) 3.72 (1.99)
Guided 5.17(1.63) 5.13 (1.68)
Active 5.37(1.52) 5.15(1.80)

3.3.3 Self-reported Preference

I conducted a 2 (Group: Desktop-VR vs Headset-VR) X 3 (Navigation Condition: Passive,
Guided, and Active) mixed ANOVA, with the first factor being between- and the second
factor a within-subject manipulation, on self-reported Preference. There was a main effect
of Navigation Condition, F(1.86,195.09) = 14.82, MSE = 4.08, p < .001, 771%: 0.12 , but
no effect of Group, F(1,105) = 0.62, MSE = 2.49, p = .434, 2= 0.00. There was no
Navigation Condition X Group interaction (see Table 2 for descriptives), F(1.86,195.09) =
0.25, MSE = 4.08, p = .763, ngz 0.00. In both Groups, participants preferred to explore
environments under Active and Guided navigation (see Table 2 for means) relative to
Passive, #(106) = 4.70, SE = 0.27, p < .001, BF;, = 333.20, d = 0.68, and #(106) = 4.73,
SE = 0.27, p < .001, BF;y = 56609.03, d = 0.69, respectively. There were no significant
differences in preference ratings between Active and Guided, #(106) = —0.04, SE = 0.27,
p = 1.00, BFy; = 9.33,d = —0.00.
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3.3.4 Assessment of Path Complexity

I examined whether taking a longer route during encoding (reflecting the topographical
properties of the environment) could have influenced route memory. I computed a measure
of path complexity for each route taken at encoding. I applied an angle-based measures
(see Appendix for a detailed description of the equation) to quantify turns taken while
exploring each environment. That is, I recorded each participant’s position within each
environment, at each 1 second time-point during their 40-second exploration. I then derived
displacement vectors between positions at each consecutive time-point. Next, I calculated
the angle between each pair of consecutive displacement vectors and normalized these
angles to represent a complexity score between 0 and 1, such that a 0-degree turn (straight
path) has a complexity of 0, and a 90-degree turn or greater has a complexity of 1. Finally, I
tabulated the average of the individual turn complexity scores to determine the overall path
complexity in percentage, for each environment within each navigation condition. Figure
9 shows path complexity percentages for all twelve environments explored in a sample
participant within Desktop (Panel A) and Headset-VR (Panel B); Active navigation trials
are shown in blue, Guided in green, and Passive in black. I tabulated and averaged these
scores across all participants, separately by Navigation condition and Group.

I conducted a 2 (Group: Desktop-VR vs Headset-VR) X 3 (Navigation Condition:
Passive, Guided, Active) mixed ANOVA, with the first factor being between and the second
factor a within-subject manipulation, on Path Complexity scores. There was a main effect
of Navigation Condition, F(1.69,179.44) = 38.80, MSE = 7.96, p < .001, 7713: 0.27, but
no effect of Group, F(1,106) = 2.06, MSE = 0.01, p = .154, ;= 0.02. The Navigation
Condition X Group interaction was also non-significant, F(1.69,179.44) = 1.95, MSE =
7.96, p = .152, 7712,: 0.01. In both Groups, paths explored during the Active condition
(M = 8.8%; SD = 0.03) were significantly more complex than in the Passive condition
(M = 6.3%; SD = 0.01), #(106) = 7.13, SE = 0.01, p < .001, BF,o = 18.70,d = 0.85. A
similar pattern of results were found when comparing Guided (M = 9.2%; SD = 0.03) and
Passive conditions, #(106) = 8.05, SE = 0.01, p < .001, BFy = 43.16,d = 0.96. We did
not, however, find a significant difference in path complexity between Active and Guided
encoding conditions, #(106) = —0.92, SE = 0.01, p = 1.00, BFy; = 0.21, d = —0.11.

Correlation analyses revealed no significant relationship between Active [r(106)= -0.03,
p = .738], Guided [r(106)= .16, p = .095], and Passive [r(106)= -0.10, p = .287] path
complexity and route memory performance®. These results provide strong evidence that
the length of the route taken during encoding, reflecting the topographical properties of
the environment and detours, did not influence route memory.

SPearson correlation analyses were collapsed across Group (Desktop-VR and Headset-VR).

45



Figure 9. Panel A. Path complexity and percentage score (shown underneath) from a

sample participant from the Desktop-VR group, with Passive trials shown in black,
Guided trials in green and Active trials in blue.
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Figure 9. Panel B. Path complexity and percentage (shown underneath) from a sample
participant from the Headset-VR Group, with Passive trials shown in black, Guided in
green and Active in blue.
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3.3.5 Correlations with Individual Difference measures

Given my goal of determining whether route memory performance in each of the navigation
conditions was related to various individual difference factors (see Table 1 for descriptives
for all measures described below), I examined a range of variables. These included inter-
sections, stop count, preference, motivation, spatial navigation proficiency (measured by
SBSODS) , sense of presence in VR (measured by IPQ)), simulator sickness (measured by
S5@Q), and curiosity (measured by 5DC'). To assess these relationships, I ran a series of
Pearson correlations. IP() and 5DC were further separated into sub-categories: IP() con-
sisted of presence, spatial presence, involvement, and experience realism; 5DC consisted
of joyous exploration, deprivation sensitivity, stress tolerance, social curiosity, and thrill
seeking. See Table 3 for correlation coefficients along with significance values.
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Table 3.

Pearson correlations in each Group showing association between Route memory following each Navigation

condition and various Individual Difference measures.

Group and Condition

Variables Desktop - VR Headset - VR
Active  Guided Passive Active Guided Passive
1. Intersections Crossed During Encoding -27% .04 - -.13 .04 -
2. Number of Stops at Intersections During Encoding .14 21 - .16 -46% -
3. Total Time at Intersections During Encoding -.04 .02 - -.20% 23 -
4. Stop Count During Encoding 21 25 - .06 -.34% -
5. Preference -12 .03 -.20 -37%% -.09 -.16
6. Motivation -.26 17 -.04 .00 -.06 -31*
7. SBSDS -.04 .05 A3 -11 -.12 .15
8. Total Prescence - - - .08 .01 -.13
9. Prescence - - - -.03 .03 -12
10. Spatial Prescence - - - .08 .09 -21
11. Involvement - - - -11 -.10 .03
12. Experienced Realism - - - .06 .19 -.06
13. Joyous Exploration - - - 12 -31%* -
14. Deprivation Sensitivity - - - .00 -21 20%
15. Stress Tolerance - - - 02 19 -16
16. Social curiosity - - - -.28% -.12 .10
17. Thrill seeking - - - -23 .06 18
18. SSQ - - - 01 .19 21

Note. *p < .05, **p < .01. We did not compute correlations between variables (e.g., intersections crossed, joyous

exploration) and route overlap following the passive condition. Since route memory was calculated as deviation in

distance, a negative correlation indicates a boost in memory (a reduction in deviation distance).
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Intersection Traversed and Dwell Time at Encoding. 1 found a negative as-
sociation between the number of intersections traversed and route overlap deviation score,
following Active exploration in Desktop-VR. In Headset-based VR, I found a similar rela-
tionship between total time spent at intersections (proxy for dwell time) and route overlap
deviation following Active exploration

I also detected a negative association between the number of stops made during in-
tersections and along with traveled route with route overlap deviation following Guided
exploration in Headset-based VR (see Table 3). This relationship underscores the value of
pausing at critical junctures while following GPS instructions. I suggest that stopping at
intersections to encode landmarks enhances spatial memory retention, possibly by allowing
individuals to encode spatial cues. This can be particularly helpful when navigating new
routes, adjusting to changing conditions, or seeking shorter paths under time constraints.

Motivation and Preference Reports. 1 found a significant negative association
between route overlap scores following Passive exploration and motivation in Headset-VR,
but not in Desktop VR. I also found that preference for Active exploration was nega-
tively correlated with route overlap deviation for this condition in Headset-VR, but not
in Desktop (see Table 3). Collectively, these findings indicate that in highly immersive
virtual reality environments, an individual’s intrinsic judgments about the surroundings
can augment spatial knowledge.

Curiosity. 1 found a positive association between deprivation sensitivity and route
overlap deviation following Passive exploration in the Headset-based VR group (see Ta-
ble 3). The items that makeup the “deprivation sensitivity” measure reflect the negative
feelings (e.g., anxiety and frustration) that one experiences when the right information is
concealed from them. When deprivation sensitivity is present, people experience discomfort
and annoyance until they resolve information gaps (e.g., Litman, 2005). It is interesting
to observe that participants who scored high on this measure also had poorer memory
for routes travelled at encoding during Passive exploration (i.e., higher route memory de-
viation). In contrast, we found joyous exploration and social curiosity to be negatively
associated with route overlap deviation following Guided and Active explorations, respec-
tively. These results do indeed highlight the dual nature of curiosity, showing that while a
positive state of curiosity (i.e., joyous exploration and social curiosity) can boost cognitive
performance, a negative state (i.e., deprivation sensitivity) of curiosity may impair it.
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3.3.6 Predictors of Route Memory Performance

A forward stepwise regression analysis was conducted (separately for Desktop- and Headset-
based VR groups) to identify the strongest predictors of route memory performance fol-
lowing Active, Passive, and Guided exploration. I included the following measures in our
model, as predictors: intersections crossed at encoding, distance travelled, total time spent
within an intersection, path complexity, motivation, preference, scores on the Santa Bar-
bara Sense of Direction Scale (SBSODS), the Igroup Presence Questionnaire (IPQ), the
Simulator Sickness Questionnaire (S5@Q)), and the Five-Dimensional Curiosity Scale (5DC').

Desktop-VR Group. For the Active condition, the final model was statistically
significant, F(2,51) = 4.43, p = .017, and explained approximately 12% of the variance
in route memory performance (adjusted R? = .115). The first variable entered into the
model was intersections crossed at encoding, which significantly predicted route memory
following Active exploration, § = —7.99, t = —2.43, p = .019. This means that a one-unit
increase in intersections crossed at encoding leads to a 7.99 decrease in deviation distance
(better memory). The second variable entered was motivation, which also significantly
predicted route memory performance, § = —3.37, t = —2.12, p = .039. Here, we can also
infer that a one-unit increase in motivation ratings leads to a 3.37 decrease in deviation
distance (better memory).

For the Guided condition, the final model was statistically significant, F'(1, 52) = 4.72,
p = .034, and explained approximately 7% of the variance in route memory performance
(adjusted R? = .066). I only found self-report scores on the Santa Barbara Sense of
Direction Scale (SBSODS) to significantly predict route memory, § = —8.64, t = —2.17,
p = .034. This means that a one-unit increase in SBSODS self-ratings leads to an 8.64
decrease in deviation distance (better memory).

For the Passive condition, a similar stepwise regression analysis was performed to iden-
tify predictors of the outcome variable. However, no variables met the criteria for inclusion
in the final model. As a result, the model did not include any predictors, and the variance
explained was effectively zero (R? = .00).

Headset-VR Group. For the Active condition, the final model was statistically
significant, F(2,48) = 7.52, p = .001, and explained approximately 21% of the variance in
route memory performance (adjusted R? = .207). The first variable entered into the model
was preference, which significantly predicted route memory following Active exploration,
g = —198, t = —3.18, p = .003). This means that a one-unit increase in preference
ratings leads to a 1.98 decrease in deviation distance (better memory). The second variable
entered was the social curiosity subscale from the five-dimensional curiosity scale, which
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also significantly predicted route memory performance, § = —2.77, t = —2.53, p = .015).
This indicates that a one-unit increase in the curiosity subscale leads to a 2.77 decrease
in deviation distance (better memory). For both Guided and Passive conditions, a similar
stepwise regression analysis was performed to identify predictors of the outcome variable.
However, no variables met the criteria for inclusion in the final model. As a result, the
model did not include any predictors, and the variance explained was effectively zero (R?
=.00).

3.3.7 Exploratory Mediation Analysis

To determine whether the effect of navigation type on route memory in both Desktop
and Headset-VR groups was mediated by self-reported motivation to explore under each
navigation type, we conducted two mediation models (see Figures 10 and 11) using SPSS
Process macro (Hayes, 2018). As confirmed by indirect paths based on 5000 bootstrap
resamples, motivation did not emerge as a significant mediator in either the Desktop or
Headset-VR groups.
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Figure 10. Mediation model for Desktop-VR group examining whether the effect of
navigation type (Active as reference; Passive, Guided) on Route Memory was mediated
by self-reported motivation to explore under each navigation type. Standardized Linear
Regression Coefficients () along with confidence intervals (based on 5000 bootstrap
resamples) and p-values are shown.
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Figure 11. Mediation model for Headset-VR group examining whether the effect of
navigation type (Active as reference; Passive, Guided) on Route Memory was mediated
by self-reported motivation to explore under each navigation type. Standardized Linear
Regression Coefficients () along with confidence intervals (based on 5000 bootstrap
resamples) and p-values are shown.
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3.4 Discussion

In the current research, my objective was to examine the relative contribution of decision-
making and motor engagement at encoding, on route memory, using VR. I manipulated the
need for decision-making during encoding of a new route, as well as the motoric demands
for movement, to determine their relative influences on memory. Movement was initiated
using a QWERTY keyboard and finger movement to navigate keys during Desktop viewing
of environments, with limited motoric engagement, or within a VR headset using a com-
patible steering wheel that allowed for greater motoric involvement. Using Headset-based
VR but not Desktop VR, I found that route memory was significantly better following
Active and Guided relative to Passive trials. Importantly, I showed that memory did not
differ following Active relative to Guided trial types, suggesting that decision-making does
not underlie the memory benefit. Taken together, these findings suggest that motoric
engagement, more so than decision-making, is necessary to enhance memory for routes.
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These results highlight the importance of active engagement and self-motion cues in spatial
navigation, supporting the idea that more immersive and physically engaging navigation
experiences lead to better retention.

That I observed a significant effect of encoding strategy in the Headset-based VR but
not in the Desktop version underscores the importance of self-motion cues in enhancing
route memory. In the Desktop version, participants navigated along routes via keyboard
button presses alone, which represents a comparatively reduced engagement of motor ac-
tivity. In addition, I speculate that movement via keyboard button press limited the level
of realism afforded by the virtual environment, and in turn, made it challenging for par-
ticipants to track their position within the virtual environment. Typically, past studies
investigating route memory have shown that active navigation at encoding leads to bet-
ter memory than passive (Chrastil & Warren, 2012). However, some studies report no
differences between these conditions; importantly, this has occurred in studies that imple-
mented Desktop VR (Gaunet et al., 2001; Wilson, 1999; Wilson et al., 1997). Given that
I observed similar route memory performance across the three encoding trial types in our
Desktop but not Headset-based VR group, I propose that the limited motor and sensory
feedback in the former likely accounts for this finding in other work (Smith, 2017; Roettl
& Terlutter, 2018). For example, Roettl and Terlutter (2018) examined how variations
in VR display (desktop versus immersive VR systems) and user interface (e.g., steering
wheels, handheld controllers) could influence users’ ability to navigate and remember spa-
tial information. One of their key findings was that immersive VR systems provide precise
spatial cues about the virtual environment compared to Desktop viewing. Further, Smith
(2017) explored the role of self-motion cues in spatial navigation, particularly focusing on
how the vestibular and proprioceptive systems contribute to route memory and navigation
performance. Participants who received more robust self-motion cues performed better in
navigation tasks, demonstrating improved route memory and spatial orientation relative
to those with limited or no self-motion cues. The current study supports Smith’s (2017)
finding, as I also detected the memory benefits of active and guided navigation, but only in
the Headset-based VR group. Overall, these findings highlight that effective spatial naviga-
tion, particularly when remembering route information, is strengthened by the integration
of multiple self-motion cues.

3.4.1 Possible Neural Mechanisms Underlying Navigation
The effect of navigation strategy in the Headset-based VR study, but not in the Desktop

VR, signifies that an immersive experience matters to performance on egocentric spatial
tasks such as route memory. Egocentric navigation is said to depend on inertial cues
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that engage the dorsal striatum, facilitating encoding of routes and procedural memories
(Vorhees & Williams, 2014). Inertial cues include proprioceptive feedback from sensory
receptors in muscles and joints, vestibular information from the inner ear that detects
head position and motion, and accelerative cues signalling changes in velocity, all of which
contribute to the perception of self-motion (Jerald & Marks, 2016). When interpreting
the findings of the current study in the context of prior research we infer that the route
learning task used here also heavily depends on the striatal and other motor regions of the
brain.

Route memory involves sequences of decisions such as “go straight, turn right, then
turn left”, which require specific actions at key intersections (Ruddle et al., 2011). Since
participants were required to retrace the exact route during retrieval, their memory likely
depended on striatal regions, as it is involved in recalling sequences of actions, mediated by
this region (Burgess, 2008). Although the Guided condition removed the need for decision-
making, it still provided participants with sufficient inertial cues, including proprioceptive,
vestibular, and visual flow information. It is this information that we believe participants
utilized later to retrieve the exact route taken during encoding. Another notable obser-
vation in our data is that route memory performance in the Guided condition differed
significantly from that in the Passive condition (in the Headset-based VR group). This
finding once again suggests that the motor information available during Guided exploration
was sufficient to enhance memory compared to Passive exploration. Moreover, the lack of a
significant benefit of navigation strategy on route memory performance in Desktop but not
Headset-based VR implementation provides additional evidence that environments offering
enhanced self-motion cues can better support route memory.

3.4.2 The Role of Individual Differences in Spatial Navigation

My findings also underscore the role of individual differences in shaping spatial navigation
performance across immersive and non-immersive virtual environments. Specifically, in
Desktop-VR, participants who crossed more intersections during Active exploration ex-
hibited better route memory performance. Similarly, in Headset-VR, the total time spent
at intersections during Active exploration was negatively associated with route overlap
deviation (indicating better memory performance). These results align with prior ani-
mal research indicating that intersections serve as salient spatial boundaries, helping to
contextualize cognitive maps (Moser et al., 2008). Notably, in Headset VR, pausing at in-
tersections and along the route during Guided navigation was linked to improved memory.
This reveals that brief pauses may facilitate the encoding of spatial cues and ultimately
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enhance spatial memory, even when navigation is guided. These findings are further sup-
ported by the regression results, which revealed that in Desktop-VR, route memory in
the Active condition was predicted by the number of intersections traversed, while Guided
memory was predicted by navigation proficiency measured by SBSODS' scores.

Further, intrinsic qualities such as motivation and preference also played a significant
role in shaping memory outcomes. In Headset-VR, a stronger preference for Active explo-
ration was linked to, and predicted, higher route memory performance in this condition.
This is consistent with the higher preference ratings observed for Active relative to Passive
encoding strategies. These regression results, however, were not detected in the Desktop
VR group, even if participants preferred Active and Guided conditions relative to Passive.
Collectively, these results emphasize that aligning navigation strategies with user prefer-
ences could positively impact memory performance, especially in highly immersive settings.
On the other hand, motivation predicted better route accuracy following Active exploration
in the Desktop-VR group, which is reflected in the higher motivation ratings observed for
this condition relative to Guided and Passive. I suspect that in low-immersion settings,
such as Desktop-VR and in Passive conditions that reduce user engagement, maintaining
attention may be difficult, limiting route memory.

Further, positive dimensions of curiosity such as joyous exploration and social curiosity
were associated with improved memory following Active and Guided exploration, respec-
tively. While negative dimensions such as deprivation sensitivity was linked to poorer
memory following Passive conditions. Regression models further supported these observa-
tions, with social curiosity predicting route memory performance following Active explo-
ration in the Headset-VR group. This suggests a dual effect: curiosity can either enhance
or hinder spatial encoding depending on its emotional valence and whether the environ-
ment allows for information-seeking behavior. Indeed, the Prediction, Appraisal, Curiosity,
and Exploration (PACE) framework proposed by Gruber and Ranganath (2019), proposes
that an anxious state could lead to behavioral inhibition, potentially diminishing memory
performance. In line with this, Brunyé and colleagues (2009) showed that spatial repre-
sentations formed during high arousal states tend to have more global configural details
about the broader inter-landmark structure of an environment. In contract, a low arousal
state diminished participants’ ability to accurately compare distances between landmarks
that are relatively far as opposed to close to one another. These results show that various
emotional and arousal experiences can differentially influence how we encode and retrieve
spatial information, highlighting the nuanced role of emotions in cognitive processes related
to navigation and memory.
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3.4.3 Conclusion

The findings of this Chapter indicate that self-generated motoric engagement, needed in
both active and guided navigation conditions, enhances formation of route memory relative
to passive observation. That is, I have demonstrated that self-motion cues, such as head
rotations, full-body 360-degree turns, and forward movement via handheld controller, dur-
ing initial exploration of a virtual environment support route knowledge. Decision-making,
in comparison, seems to play a lesser role as memory did not differ across navigation con-
ditions that required it (Active) versus not (Guided). Moreover, the selective finding of a
memory benefit in the Headset-based VR, but not the Desktop VR group, provides addi-
tional evidence that environments offering the opportunity for motor engagement better
support route memory. These findings also have implications for the development of nav-
igation systems for humans. Relying on external GPS devices (analogous to the guided
condition in the current study) for navigation is unlikely to impair memory for the routes,
as others have suggested (Bakdash et al., 2008; Gardony et al., 2013), provided that the
motor system is engaged during the initial encoding phase.
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Chapter 4

The use of decision-making to
mitigate age-related differences in
spatial memory

4.1 Introduction

Age-related atrophy in motor regions such as the central sulcus, premotor cortex, intra-
parietal sulcus, insula, frontal operculum, and cerebellar vermis (Ward and Frackowiak,
2003) may reduce motor function in older adults. This may lead them to depend more on
self-initiated decision making to support route memory. For example, older adults who ex-
perience difficulties with fine motor skills, coordination, and dexterity struggle with tasks
that require anticipatory planning and full-body coordination, such as navigation (Ward
and Frackowiak, 2003). In animal research, particularly with rodents, it has been demon-
strated that motion cues are vital for forming and maintaining spatial representations
(Vorhess & Williams, 2014). For example, animal studies have shown that impairments
to the vestibular labyrinths in the inner ear, a key structure involved in the processing of
vestibular information, leads to deficits in performance on the Morris Water Maze task
(Frissen et al., 2011). Similar results have been observed in humans, with findings demon-
strating that age-related vestibular loss negatively impacts older adults’ ability to perform
spatial tasks such as angle rotation estimates for path integration (Coto et al., 2021).
Moreover, studies in humans have shown that vestibular based self-motion cues can en-
hance egocentric route learning (Jabbari et al., 2021). The basal ganglia structures which
also undergo age related changes have been reported to play a crucial role in the execution
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of rehearsed or trained motor sequences (Marchand et al., 2011).

Therefore, there is reason to believe that older individuals may gain differentially from
active navigation strategies that allow for self-initiated decision-making about the travel
path, and would suffer when decision-making is removed, as in cases of guided naviga-
tion. For example, neural evidence indicates that self-initiated decision-making during
navigation strengthens connectivity between frontal and hippocampal regions (Euston &
McNaughton, 2012; Konishi & Bohbot, 2013); these are the brain areas subject to the most
deterioration as a result of aging. As well, other research suggests that having a sense of
agency, which is limited when using GPS devices, can serve to benefit memory (Hon & Yeo,
2021). Similarly, research has shown that a lack of perceived control can reduce memory in
older adults (Lachman & Agrigoroaei, 2012), therefore the use of GPS may have negative
consequences.

4.1.1 Current Study

Given these past findings, I expected that navigation conditions that require motor control
would benefit memory in younger (Sivashankar et al., 2024), as well as older adults. Older
adults, however, may selectively benefit from navigation conditions in which they are forced
to engage in decision-making, and retain agency (Hon & Yeo, 2021). In other words,
navigation with reliance on GPS-type guidance may selectively hamper memory in older
but not younger adults. Based on past research I also suggest that landmark memory,
which relies on heightened self-awareness of the environment, would be facilitated by active
exploration (Chrastil & Warren, 2012).

My research had two primary objectives. First, I sought to determine whether provid-
ing visual navigational guidance during initial exploration of a space hindered memory for
routes travelled, and landmarks contained therein. Second, I compared route and land-
mark memory across age groups, young and old. To examine these research questions,
participants explored 12 environments within virtual-reality (VR) in one of three ways:
(1) viewing a video of a pre-recorded path of travel along roads within virtual cities, with
no volitional motor or decision-making control (hereafter referred to as ‘passive’ explo-
ration), (2) freely exploring an environment while making decisions about where to turn
and move (hereafter referred to as ‘active’ exploration), or (3) receiving visual guidance to
a final destination (hereafter referred to as ‘guided’), thereby limiting cognitive decision-
making while maintaining the ability to move oneself along the city streets. The use of
VR allowed me to simulate real-world environment layouts of cities around the world (e.g.,
Tokyo, New York), and to examine both the physical and cognitive contributions to route
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and landmark memory. To assess memory for routes travelled at encoding, participants
were placed at the exact same starting position within each VR environment and were
instructed to reproduce the same path they had taken during initial exploration. I also
assessed item recognition memory for landmarks seen during exploration.

4.1.2 Individual differences

Past research on individual differences in navigation has consistently highlighted that peo-
ple vary in their ability to navigate through physical and virtual environments (Chen et
al., 2000; Moffat, 2009; Newcombe & Hegarty, 2023, Weisberg & Newcombe, 2016). These
differences are often influenced by factors such as spatial ability, experience, motivation,
and emotional states. For example, studies have shown that individuals with higher spa-
tial abilities or those who are more familiar with navigation tasks perform better in route
memory tasks (Hegarty et al., 2006). Further, emotional states, including curiosity and
motivation, have been linked to navigation success, suggesting that the psychological fac-
tors driving how individuals engage with their environment may play a significant role in
how they encode and recall spatial information (Sauzéon et al., 2016; Sivashankar et al.,
2024). Furthermore, the concept of presence in virtual environments has been found to
impact cognitive performance, including memory retention, with more immersive experi-
ences enhancing memory (Schubert et al., 2001). These findings underline the importance
of considering individual differences when studying navigation and memory performance.

Given these suggestions of individual differences, I asked participants in our study to
complete several scales upon completion of the VR component of the experiment. We as-
sessed their everyday navigation abilities using the Santa Barbara Sense of Direction Scale
(Hegarty et al., 2006; SBSODS), and self-reported motivation and preferences for the three
navigation conditions (passive, guided, and active). In addition, participants completed
the Five-Dimensional Curiosity Scale (5DC'), which assesses participants’ inherent quali-
ties of curiosity related to joyous exploration, deprivation sensitivity, stress tolerance, social
curiosity, and thrill seeking (Litman, 2005). In my past research, I demonstrated a signifi-
cant link between curiosity and route memory performance in children (Sivashankar et al.,
2024). In this study, we aimed to explore whether individual differences might affect route
memory. Such an examination has broader implications for understanding the influence
of curiosity on memory. Lastly, I assessed simulator sickness (Kennedy et al., 1993; Sim-
ulator Sickness Questionnaire) and participants’ sense of presence in VR (Schubert et al.,
2001; Igroup Presence Questionnaire) to gauge the “realness” of the virtual environments,

as these factors might indirectly influence memory performance for the routes traveled in
VR.
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4.2 Methods

Participants. After conducting a power analysis using G*Power software (version
3.1), a sample size of 43 participants or greater was deemed necessary to achieve 95% power
to detect a medium-sized (Cohen’s d = 0.5) main effect in a within-subjects design (i.e.,
a one-way repeated measures), with an alpha level of 0.05 (Field, 2005). In addition to
this, a power analysis was also performed to assess the necessary sample size for detecting
between-subjects age differences and the interaction effect between age group (younger vs.
older adults) and navigation condition (active, guided, passive). This analysis indicated
that a sample size of 44 participants per group (88 total) would be required to achieve 95%
power for detecting a medium-sized interaction effect, based on an alpha level of 0.05.

Fifty-four young adult undergraduate students (35 males, 19 females; Mage = 22.0,
SD = 3.20) from the University of Waterloo were recruited on a volunteer basis to partici-
pate in the study. Data collection in undergraduates took place between October 2023 to
January of 2024.

I had also aimed to collect a similar number of participants in the older adults group.
I recruited 44 participants, but only 20 (13 males, 7 females; Mage = 78, SD = 2.20)
were able to complete the study as a result of motion sickness. Data collection in older
adults took place between March to October of 2024. All older adults achieved a MoCA
(Nasreddine et al., 2005) score equal to or greater than 26 (M = 28.12, SD = 1.54). To
overcome the issue of unequal sample size, I conducted analyses using the full sample of
younger adults; as well, I created a sample based on the full young adult dataset, that
matched the sample size of older adults. To this end, I randomly selected a sample of
twenty participants from the younger sample to conduct the analyses examining age effects
on route and landmark memory performance. Although this study fell short of the target
sample for detecting an interaction effect between age groups, previous studies in aging and
VR have recruited similar sized samples of older adults (e.g., see Review by Fricke et al.,
2022), likely due to the difficulty in recruiting participants who could complete VR studies.
The Research Ethics Committee at University of Waterloo approved all study procedures.
Written informed consent was obtained from all participants prior to experimentation.

Materials. VR-Application: A computer-run VR application was designed on the 3D
Unity (©) engine (ver. 2019.4.4f1; see specifications on https://www.vive.com/ca/), using
the software Mapbox (https://www.mapbox.com/). Mapbox generates game objects for
roads and structures using open-source geolocation data and 3D scans of buildings, requir-
ing a GPS position and a zoom scale to specify the perimeter of the location that is being
simulated. Unity (C) engine is a game development platform used to create virtual envi-
ronments for players to explore. In my experiment, I paired a VR immersion plugin with
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3D Unity (C) engine that generated game objects using geolocation data from real cities,
creating an application that allowed participants to use VR headsets to virtually explore
custom-created 3D environments based on real-world environment layout of selected cities.

The VR application included 12 Virtual Environments (VEs) created by entering the
longitudinal and latitudinal coordinates of various cities around the world (e.g., Abu Dhabi,
Chicago, Grenoble, London, Manhattan, Prague, Rio de Janeiro, San Francisco, Singapore,
Sydney, Tokyo, Windsor) into the Mapbox Environments SDK for Unity (C) engine. Our
VR application allowed participants to explore VEs with a lightweight HT'C VIVE headset
(HTC Corporation; Valve Corporation) and handheld controllers, with continuous button
press and heading rotation, for an easy-to-use control interface. Environments in our VR
program were chosen to contain sufficient path complexity, and to be equivalent in en-
vironment sizes. Path complexity was operationalized to be the number of intersections
(i.e., total possible turns) contained in each environment. Google Maps Street™ View was
then used to decide specific streets within an environment to include in our VR program.
Environments were all topographically (i.e., structural organization of the environment)
similar, with an average area of 100,000 square meters (measured using Google Earth™
polygon tracing) with a minimum of 4 and a maximum of 20 intersections (point at which
two or more roads converged). Since I created the environments to simulate how the cities
appear in the real world, some environments contained a greater number of intersections
than others. Following environment selection, I integrated landmarks into each environ-
ment according to observations made from Google Maps™ Street View. These landmarks
were 3D models of various objects that are commonly observed throughout a city, such as
benches, trees, water fountains, bus stops, and traffic lights, downloaded from the free-to-
use online source, Sketchfab (sketchfab.com). Finally, the velocity at which participants
moved in VR was set at 8ms/sec (analogous to a vehicle going approximately 30 km/hr)
within each exploration of an environment.

Measures. Calculation of route overlap as a measure of route memory: The primary
dependent variable of interest was the accuracy in reproducing the exact same route at
retrieval that had been travelled during encoding of environments. To obtain this measure
of spatial memory performance, the deviation in distance between the routes travelled by
each participant at encoding and retrieval, for each of the 12 environments was calculated
to produce a deviation distance measure’. Specifically, for every environment, we collected
40 pairs of X, Y coordinates every second, during both initial exploration (encoding) and
retrieval, reflecting a participant’s position in an environment. Using the Pythagorean
theorem, the Euclidean distance was calculated [d = /((2%-2')? + (y>-y')?)] between each

"Mean deviation distance was computed for each environment explored (12 environments in total)
separately for each condition, i.e. 4 passive, 4 guided, 4 active environments, for each participant.
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of the 40 X, Y coordinates from encoding and retrieval (Liberti et al., 2014). We then
calculated the average distance (d) value to obtain the mean deviation distance between
Encoding and Retrieval for each environment, explored by a participant. A higher value
signified that there was greater deviation between the paths making up encoding and
retrieval, hence, poorer memory for the route travelled at encoding. Finally, we computed
the mean route overlap across the four environments in each of the three conditions to
obtain a single route overlap value that was the most representative of route memory
following passive, guided, and active exploration.

Calculation of landmark memory performance: To measure memory for landmarks ob-
served during exploration of environments, participants completed an item recognition test
at the very end of the experiment. This landmark test was incidental. That is, participants
did not know during exploration that they would later be asked to recognize target objects
encountered in the environments. A total of thirty-six targets (12 per navigation condition;
Active, Passive, and Guided), and 36 semantically related lures were shown in a sequential
manner. Presentation of each target was displayed on the screen for 3 seconds, following a
fixation cross centrally displayed for 500 milliseconds. Participants had up to 3 seconds to
respond by pressing the "M” key for old items and the "N” key for new items. Hit rates
were calculated by dividing the number of correctly identified targets by the total number
of items shown for each navigation condition. For instance, if a participant recognized 7 out
of 12 items from the Active condition, their hit rate would be 0.58. This method was used
to compute hit rates for the Passive and Guided conditions as well, for each participant
(see Figure 13 for average hit rates by age group).

Individual difference measures administered post VR-immersion:A second goal of our
work was to document the relationship between individual differences in navigation abil-
ities, preferences or motivations for various encoding types, and how trait-level curiosity
influences memory performance.

Santa Barbara Sense of Direction Scale: I asked participants to complete a ques-
tionnaire to assess their everyday navigation skills using the Santa Barbara Sense of Di-
rection Scale (SBSODS; Hegarty et al., 2006). The goal of this measure was to help
us determine whether inherent visuospatial skills influenced route memory performance,
beyond our experimental manipulation. Each participant rated their endorsement of 15
statements about spatial orientation in everyday life, such as “I am good at giving direc-
tions’, indicating whether they strongly agreed or disagreed, using a 7-point Likert-scale.
After reverse scoring the items, the responses were summed and divided by 15 to derive
an average score between 1-7.

Preference and Motivation: I measured variations in self-reported motivation and
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preference for each navigation strategy (passive, guided, and active) and examined whether
this influenced route memory. Previous research has highlighted the critical role of motiva-
tion in enhancing spatial memory across different age groups, including children, younger
and older adults (Gruber et al., 2014; Sakaki et al., 2018; Sivashankar et al., 2024). We
specifically aimed to determine whether participants felt more motivated to explore in the
active and guided conditions compared to the passive condition, as this could explain any
subsequent memory benefits. To this end, participants rated their motivation and pref-
erence to explore each condition (passive, active, and guided), on a 7-point Likert-scale,
with increasing numbers reflecting greater motivation or preference (e.g., “Please rate your
motivation to explore environments in VR during active exploration”; “Please rate your
preference to explore environments in VR during active exploration”).

Five-Dimensional Curiosity Scale (5DC): This questionnaire assesses partici-
pants’ inherent qualities of curiosity related to joyous exploration, deprivation sensitivity,
stress tolerance, social curiosity, and thrill seeking (Litman, 2005). In our past research,
we have demonstrated a significant link between curiosity and route memory performance
(Sivashankar et al., 2024). In this study, I also aimed to explore whether individual differ-
ences in the emotional states elicited by curiosity, such as feelings of joy versus fear, might
affect route memory. Such an examination has broader implications for understanding the
influence of curiosity on memory.

Simulator Sickness and Presence: 1 then measured simulator sickness using the
Simulator Sickness Questionnaire (SSQ); Kennedy et al., 1993) to evaluate oculomotor
discomfort, disorientation, nausea, and fatigue experienced as a result of VR exposure. We
scored this questionnaire by assigning each question a value based on the response. Each
“None” response received a score of 0, each “Slight” response received a score of 1, each
“Moderate” response received a score of 2, and each “Severe” response received a score of
3. Based on a large sample of SS@) data gathered from military pilots, it is suggested that
total scores can be associated with negligible (< 5), minimal (5 — 10), significant (10 — 15),
and concerning (15 — 20) symptoms (Kennedy et al., 1993).

Finally, I administered the Igroup Presence Questionnaire (IP()) to determine the
extent to which participants felt present while exploring the VR environments (Schubert
et al., 2001). Participants were instructed to rate each statement (e.g., “In the computer-
generated world, I had a sense of being there”, I felt present in the virtual space”) from
a scale of 1 (not at all) to 7 (very much). To gain a more comprehensive understanding
of various related factors associated with presence, items measuring sense of presence,
spatial presence, involvement, and experienced realism were also assessed and considered.
Therefore, for the IP(Q, I obtained four scores corresponding to the subscales, along with
a total score, which was calculated by averaging all the individual scores and dividing by
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the total number of items (14).

Montréal Cognitive Assessment (MoCA): Following these test measures, only
the older adults completed the Montréal Cognitive Assessment (MoCA; Nasreddine et
al., 2005); a test designed to screen for general cognitive impairment. Participants were
excluded from our main reported analyses if their MoCA score was less than 26. The
most commonly used and accepted MoCA cut-off for healthy aging is 26/30. Lower scores
indicate mild cognitive impairment or dementia (Nasreddine et al., 2005).

Procedure. Throughout the entire VR experiment, participants, both younger and
older adults, were seated in a comfortable swivel chair that could turn a full 360°, placed
in the center of a testing room. Following verbal instructions on how to use the VR
headset, participants completed a practice phase with the VR equipment, designed to help
them learn how to use the VR controllers to move within the virtual space. A single
handheld VR controller was sufficient to navigate in the environment. To move forward,
participants were instructed to press the Trackpad Button of the controller using their
thumb, repeatedly swiping it forward to move. To change their direction, participants had
to rotate their head in the desired direction, as well as physically rotate in the spinning
chair with their legs, while pressing the Trigger button on the VR controller, pointed in the
direction of travel. I advised participants to take as much time as needed in the training
phase in order to become comfortable with the environment. Immediately following the
training phase, the experimental session began.

There were two main phases for each of the 12 environments: A study/encoding phase
(40 secs), and then a retrieval phase (40 secs) which followed immediately, in which par-
ticipants were asked to reproduce the exact route taken at encoding. During the study in
each of the 12 environments within VR, they were given one of three navigation strategies:
Passive, Guided, and Active. There were manipulated within-subject, with navigation
condition and order counterbalanced across participants.

The passive condition was created by recording 360-degree videos of a pre-defined path
for each environment. Therefore, the path observed by participants in the passive condition
differed from the paths travelled in the guided and active conditions. That is, we did not
yoke the passive condition trials to a route travelled in the active or guided conditions.
Participants observed the environment within VR in a manner similar to being a passenger
inside a vehicle, being driven by another person. During passive viewing (see Figure 2),
participants were provided with the following instructions: “You will passively explore this
environment. During passive exploration, you will experience a tour of the environment
leading you to a gold star. You will be able to move your headset, but will have no control
over the movement of your hand-held controllers”. To reiterate, participants did not exert
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motor control for movement, nor decide the path of travel.

The guided condition was created using Mapbox Directions API to automatically gen-
erate the optimal path between two waypoints according to path data. Specifically, one
end of the waypoint was attached to a fixed location (the gold star; destination), while
the other waypoint was attached to the participant so that the path could be updated in
real time. This path was colored in Yellow (see Figure 2) and overlaid onto the travelled
path so that it was highly visible to participants. During guided exploration, participants
received the following instructions “You will be guided during exploration of this envi-
ronment. During guided exploration, you will follow a yellow-line directing you to a gold
star”. Simply put, during the guided exploration, participants exerted motor control using
the VR controllers (along with head and body rotation) to move forward and follow the
yellow line directing them to their end-point, but did not decide the path of travel.

During active exploration (see Figure 2), participants were free to choose the route they
travelled to find a gold star. That is, participants exerted motor control using the VR con-
trollers, and also decided the path of travel, thus, engaging both motor and decision-making
processes. Therefore, the paths travelled in the guided and active conditions differed as the
former path was experimentally controlled, while the latter was chosen by the participant.
Prior to beginning each new exploration, an instruction appeared on the screen indicating
the condition. Immediately after encoding (40 secs) a given environment, participants were
placed back at the same starting position, and asked to reproduce (move themselves) along
the route they had taken during initial exploration (encoding).

Each participant explored all 12 environments. Encoding conditions were blocked by
type (4 environments of Passive, 4 environments of Guided, and 4 environments of Active).
The order of the three condition blocks (Passive, Guided, and Active) was counterbalanced
across participants. The total time spent in VR was approximately thirty minutes (includ-
ing a break to reduce VR fatigue, before starting a new condition). After completion of
the experiment in VR, participants were asked to complete the landmark memory test.
To reiterate, the landmark assessment was incidental; participants were unaware during
exploration that they would later be asked to remember the targets they had seen during
encoding of environments. After the completion of the landmark assessment, question-
naires were administered.
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4.3 Results

4.3.1 Route Overlap (memory) Performance

I conducted a 2 (Group: Young vs Old) X 3 (Navigation Condition: Passive, Guided,
and Active) mixed Analysis of Variance (ANOVA), with the first factor being between-
and the second factor a within-subject manipulation, on Route Overlap scores (see Fig-
ure 12). There was a main effect of Navigation Condition, F(2,76) = 12.00, MSE =
203.16, p < .001, 2= .24. Both Active (M = 26.50, SD = 11.22) and Guided naviga-
tion (M = 31.69,SD = 14.14) improved route memory compared to Passive navigation
(M = 41.85,SD = 17.56). There was no difference between Active and Guided perfor-
mance. There was also a main effect of Group F(1, 36) = 11.72, MSE = 321.77, p=
.001, 77]3: 0.24. Specifically, younger participants showed significantly less route deviation
compared to older adults, indicating better memory. As predicted, I also observed a sig-
nificant Group X Navigation Condition interaction, F'(2, 76) = 3.22, MSE= 203.16, p=
.044, fr]}%: 0.08. To understand the interaction, I conducted separate one-way ANOVAs for
each Group.

Younger Group. I conducted a one-way repeated measures ANOVA to examine the
effect of Navigation Condition on route overlap score as the dependent variable. There
was a significant effect of Navigation F(2,38) = 5.20, MSE = 188.21, p = .010, ngz
0.22 (see Figure 12 for means)?. Paired sample t-tests showed that passive exploration
resulted in the highest mean deviation score relative to Active and Guided navigation
conditions, #(19) = 2.28, SE = 3.72, p = .035, BFy = 1.86,d = 0.51, and #19) = 2.99,
SE = 2.18, p = .007, BF 1y = 6.60,d = 0.67, respectively®>. We chose to report Bayes
Factors alongside traditional p-values for two main reasons. First, we wanted to provide
the reader with both results so that they could better interpret the evidence being reported.
Second, reporting Bayes Factors allows for the evaluation of evidence that is consistent with
the null hypothesis, lending to more meaningful interpretation. There was no significant
difference between Active and Guided exploration on route overlap score, #(19) = 0.72,

2Pattern of results replicate when conducting the ANOVA using the full sample of fifty-four younger
participants.

3Bayes factors were calculated using the Bayes-Factor package in JASP, enlisting a default Jef-
freys—Zellner—Siow (JZS) prior with a Cauchy distribution (center = 0, r = 0.707). This package compares
the fit of various linear models. Bayes factor interpretations follow the conventions of Lee and Wagen-
makers (2014). Bayes factors in favor of the alternative (BFjg) or null (BFp;) models are presented in
accordance with each preceding report of null hypothesis significance testing analyses (i.e., based on a
p < .05 criterion). A BFjo > 1 is interpreted as evidence in favour of the alternative hypothesis, while
BFy1 > 1 is interpreted as evidence in favour of the null.
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SE =2.18, p = .483, BF; = 3.43, d = 0.16.

Older Group. I conducted another one-way repeated measures ANOVA to examine
the effect of Navigation Condition on route overlap score as the dependent variable in
the older group. There was a significant effect of Navigation, F(2,38) = 9.69, MSE =
218.11, p < .001, 7712, = 0.34 (see Figure 12 for means). Paired sample t-tests showed that
contrary to the younger group, older adults benefitted the most from active navigation
(lower deviation value) relative to passive and guided exploration, #(19) = —4.98, SE =
2.18, p < .001, BFyy = 325.80,d = —1.11, and #(19) = —2.98, SE = 2.18, p = .008,
BF19 = 6.39,d = —0.67, respectively. Notably, route deviation scores following passive and
guided exploration did not differ, #(19) = 1.30, SE = 2.18, p = .209, BFy; = 2.07,d = 0.29.
These findings show that active navigation enhanced route memory relative to guided and
passive conditions in older adults. That I did not find a significant difference between
passive and guided conditions suggests that motor engagement alone, present in the guided
but not passive condition, is not sufficient to benefit route memory in older adults.
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Figure 12. Route deviation in Passive, Guided, and Active conditions in younger and
older adults.
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4.3.2 Landmark Memory Performance

I conducted a 2 (Group: Young vs Old) X 3 (Navigation Condition: Passive, Guided,
and Active) mixed Analysis of Variance (ANOVA), with the first factor being between-
and the second factor a within-subject manipulation, on landmark memory scores (i.e.,
Hit rates; see Figure 13 for means). For these analyses, I included only 17 older adults.
This is because only those who completed all navigation trial types were permitted to
complete the landmark memory assessment. The main effect of Navigation condition was
non-significant, F(2, 64) = 0.81, MSE = 0.01, p = 450, n>= 0.03, as was the effect of
Group, F(1, 32) = 1.11, MSE = 0.04, p= .299, n’= 0.03. We did, however, detect a
significant Group X Navigation Condition interaction (see Figure 13), F(2, 64) = 5.62,
MSE= 0.01, p = .006, 7];2,: 0.15. To understand the interaction, I conducted separate
one-way ANOVAs for each Group.
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Younger Group. I conducted a one-way repeated measures ANOVA to examine the
effect of Navigation condition on landmark memory score as the dependent variable. There
was no significant effect of Navigation , F'(2, 38) = 0.49, MSE= 0.02, p = .614, 7]12): 0.03
(see Figure 13 for means).

Older Group. Another one-way repeated measures ANOVA was conducted to exam-
ine the effect of Navigation condition on landmark memory in the older Group (see Figure
13 for means). There was a significant effect of Navigation, F(2,32) = 8.51, MSE = 0.01,
p = .001, 7712,: 0.35. Similar to the pattern of results observed for route memory, here too
older adults benefitted the most from Active navigation relative to Passive and Guided
exploration, #(16) = 3.35, SE = 0.16, p = .010, BF 1o = 54.07,d = 0.71, and #(16) = 2.94,
SE = 0.03, p = .004, BF 1y = 3.64,d = 0.81, respectively. Notably, landmark memory
was similar following guided and passive exploration, #(16) = 0.76, SE = 0.16, p = .457,
BFy; = 3.26,d = 0.19.

Figure 13. Memory for landmarks (measured by hit rates for targets correctly
recognized following encoding; false alarm rate for younger adults: 0.18; false alarm rate
for older adults: 0.14) contained within environments explored using Passive, Guided,
and Active navigation conditions in younger and older adults.
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71



4.3.3 Assessment of Path Complexity

I examined whether taking a longer route during encoding (reflecting the topographical
properties of the environment) could have influenced route memory. I computed a measure
of path complexity for each route taken at encoding. I applied an angle-based measure
(see Appendix for a detailed description of the equation) to quantify turns taken while
exploring each environment. That is, I recorded each participant’s position within each
environment, at each 1 second time-point during their 40-second exploration. I then derived
displacement vectors between positions at each consecutive time-point. Next, I calculated
the angle between each pair of consecutive displacement vectors and normalized these
angles to represent a complexity score between 0 and 1, such that a 0-degree turn (straight
path) has a complexity of 0, and a 90-degree turn or greater has a complexity of 1. Finally,
[ summed each individual turn complexity score and divided by the total number of scores
to calculate the average, representing the overall path complexity as a percentage for each
environment (12 environments in total, with 4 for each navigation condition). For each
navigation condition, I then computed the average path complexity score by averaging the
scores across the four environments within that condition. This process was repeated for
all participants in both age groups.

I conducted a 2 (Age: Young Vs Old) X 3 (Navigation Condition: Passive, Guided,
Active) mixed ANOVA, with the first factor being between and the second factor a within-
subject manipulation, on Path Complexity scores. The main effect of Navigation condition
was not significant, F'(1.5, 52.52) = 0.50, MSE = 0.002, p = .559, 77]3: 0.01, indicating
that overall path complexity did not vary across the three navigation conditions*. However,
there was a significant main effect of Age group, F'(1, 35) = 12.28, MSE = 0.003, p = .001,
n2= 0.26; path complexity was higher among younger (M = 10.8%, SD = 0.03) relative to
older adults (M = 7.2%, SD = 0.06). Additionally, the Navigation condition X Age group
interaction was also significant, F'(1.5, 52.52) = 5.01, MSE = 0.009, p = .017, 77]3: 0.13. In
the younger adults’ group (n = 20), the effect of Navigation condition was non-significant,
F(1.36, 25.75) = 2.45, MSE = 0.02, p = .121, 7712) = 0.11. In the older sample (n = 17),
we found a significant effect of Navigation condition on path complexity, F'(1.34, 21.48) =
4.78, MSE = 8.33, p = .031, 7752 0.23. Path complexity was higher in the passive (M =
8.7%; SD = 0.03) than active condition (M = 6.3%; SD = 0.04), ¢(16) = 1.50, SE = 0.28,
p = .024, Cohen’s d = 0.61, though no differences were observed between the passive and
guided conditions (M = 6.8%, SD= 0.04), t(16) = 2.03, SE = 0.49, p = 0.059, Cohen’s

4Similar to the landmark analyses, here we included 17 older adults and 20 younger adults with complete
data to account for path complexity. Mauchly’s test indicated that the assumption of sphericity had been
violated (p < .05) thus; a Greenhouse-Geisser correction was applied.
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d = 0.49, nor between the Active and Guided conditions, ¢(16) = -1.01, SE = 0.12, p=
0.329, Cohen’s d = -0.24.

Correlation analyses revealed no significant relationship between Active [r(35)= 0.12,
p = .484], Guided [r(35)= -0.15, p = .391], and Passive [r(35)= 0.02, p = .918] path
complexity and route memory performance®. These results provide strong evidence that
the length of the route taken during encoding, reflecting the topographical properties of
the environment and detours, did not influence route memory.

4.3.4 Self-reported Motivation

I conducted a 2 (Group: Young vs. Old) X 3 (Navigation Condition: Passive, Guided, and
Active) mixed ANOVA, with the first factor being between- and the second factor a within-
subject manipulation, on self-reported Motivation. There was a main effect of Navigation
condition, F(2, 76) = 15.65, MSE = 1.52, p < .001, 775: 0.29, with higher motivation
following the Active relative to Guided, #(38) = 3.45, SE = 0.28, p = .003, d = 0.65, and
Passive conditions, #(38) = 5.54, SE = 0.28, p < .001, d = 1.04. There was no significant
difference between Passive and Guided conditions, #(38) = —2.09, SE = 0.28, p = .120,
d = —0.39. The effect of Group was also non-significant, F(1,38) = 0.55, MSE = 3.40,
p = .462, 7)12,: 0.01, as was the Navigation Condition X Group interaction (see Table 4 for
descriptives), F(2,76) = 2.42, MSE = 1.52, p = .095, ;= 0.02.

4.3.5 Self-reported Preference

I conducted a 2 (Group: Desktop-VR vs Headset-VR) X 3 (Navigation Condition: Passive,
Guided, and Active) mixed ANOVA, with the first factor being between- and the second
factor a within-subject manipulation, on self-reported Preference. There was a main effect
of Navigation condition, F(2,76) = 14.55, MSE = 2.33, p < .001, 77]3: 0.28. Overall,
preference was higher following active (M = 5.88, SD = 1.08) relative to guided (M =
4.50,SD = 1.68), t(38) = 4.03, SE = 0.34, p < .001, d = 0.89, and passive conditions
(M = 4.13, SD = 1.75), #38) = 5.12, SE = 0.34, p < .001, d = 1.14, though there
was no difference between passive and guided conditions, #38) = —1.10, SE = 0.34,
p = .827, d = —0.24. The effect of Group was non-significant, F(1, 38) = 0.67, MSE = 2.45,
p = .419, 772: 0.03, as was the Navigation condition X Group interaction (see Table 4 for
descriptives), F(2,76) = 1.01, MSE = 2.33, p = .369, 7722 0.02.

SPearson correlation analyses were collapsed across Group (Younger and Older adults).

73



Table 4.

Mean motivation and preference scores in each Age group, following each navigation condition.

Standard deviation in parentheses.

Group and Condition

Motivation Preference
Younger Adults
Passive 4.20 (1.67) 4.45 (1.76)
Guided 4.40 (1.73) 4.35(1.90)
Active 5.95(1.32) 6.05 (1.23)
Older Adults
Passive 4.35(1.79) 3.80(1.74)
Guided 5.30(1.13) 4.65 (1.46)
Active 5.65(0.93) 5.70 (0.92)

4.3.6 Predictors of Route Memory Performance

A forward stepwise regression analysis was conducted (collapsed across younger and older
adults) to identify the strongest predictors of route memory performance®. I included the
following measures in our model, as predictors: intersections crossed at encoding, number of
stops within intersections, distance travelled, total time spent within an intersection, path
complexity, motivation, preference, scores on the Santa Barbara Sense of Direction Scale
(SBSODS), the Igroup Presence Questionnaire (IPQ), the Simulator Sickness Question-
naire (SSQ), and the Five-Dimensional Curiosity Scale (5DC'). For the Active condition,
the final model was statistically significant, F(1, 70) = 5.59, p = .006, and explained
approximately 12% of the variance in route memory performance (adjusted R? = .116).
We found that only the number of intersections crossed at encoding significantly predicted
route memory performance, § = —4.30, t = —2.32, SE = 1.85, p = .023. This means
that a one-unit increase in the intersections crossed at encoding leads to a 4.30 decrease
in deviation distance (better memory).

5We used the complete sample of fifty-four younger adults and twenty older adults for the regression
analyses.
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For the Guided condition, a similar stepwise regression analysis was performed. How-
ever, no variables met the criteria for inclusion in the final model. As a result, the model
did not include any predictors, and the variance explained was effectively zero (R? = .00).

For the Passive condition, the final model was statistically significant, F(1,70) = 3.99,
p = .049, and explained approximately 4% of the variance in route memory performance
(adjusted R? = .039). T found that only the ‘joyous exploration’ subscale of the 5DC
curiosity questionnaire significantly predicted route memory performance, § = —4.86,
t = —1.99, SE = 2.43, p = .049. This means that a one-unit increase in the joyous
exploration measure leads to a 4.86 decrease in deviation distance (better memory).

4.4 Discussion

In Experiment 3, I manipulated the level of motor engagement and decision-making during
exploration, and examined how these influenced memory for routes taken, and landmarks
contained within VR environments, in younger versus older adults. Results revealed a
clear age-related dissociation in the cognitive mechanisms that support route memory.
Specifically, younger adults benefited equally from active and guided navigation strategies
during encoding, while older adults showed significantly enhanced route and landmark
memory only following the active navigation condition. These findings underscore the
critical role of decision-making and agency in supporting spatial memory among older
adult populations. In contrast, motor-based strategies are sufficient to boost performance
in younger adults. These results carry broad implications for cognitive aging research, GPS
implementation, and memory rehabilitation strategies. They highlight the importance of
aligning navigation interventions with age-specific considerations.

4.4.1 Neural Mechanisms in Younger Adults: The Role of Motor
Engagement

Younger adults in the current study benefited similarly from active and guided navigation
during encoding of an environment. This finding aligns with prior research that has shown
the importance of motor engagement on memory for routes in this population (Sivashankar
et al., 2024; Sivashankar & Fernandes, 2025). Specifically, past studies have highlighted
that motor cues—such as vestibular, proprioceptive, and visual feedback—are integral for
encoding spatial information (Sivashankar et al., 2024; Chrastil & Warren, 2012). These
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sensory-motor cues likely support egocentric representations of space by reinforcing the
physical actions associated with turning, orienting, and moving through an environment.

I suggest that the intact sensory-motor systems of younger adults allow them to effec-
tively process and integrate inertial cues, enhancing spatial updating and route retention.
This capacity makes the act of movement—whether self-directed or externally guided—an
effective mechanism for supporting memory. The involvement of basal ganglia structures,
such as the caudate nucleus, which are implicated in procedural and habit learning (Hartley
et al., 2003), may further explain the benefit observed in our guided navigation condition,
even when decision-making was externally removed. This may have occurred because route
memory is a form of procedural habit formation, involving stimulus-response associations
(Wiener et al., 2012). Even during guided navigation, participants were able to form such
place-action associations, which later enhance retention.

Route memory involves sequences of decisions, such as ”go straight, turn right, then
turn left,” which require specific actions at key intersections (Ruddle et al., 2011). Since
participants were tasked with retracing the exact route during retrieval, their memory
likely relied on the striatal regions, which are involved in recalling sequences of actions
(Burgess, 2008). Although the guided condition eliminated the need for decision-making, it
still provided participants with sufficient inertial cues, including proprioceptive, vestibular,
and visual flow information (Smith, 2017; Waller et al., 2004; Zhu et al., 2022). I believe
participants used these cues later to retrieve the exact route taken during encoding. A
notable finding from my data is that route memory performance in the guided condition
differed significantly from that in the passive condition (specifically in the younger group).
This suggests that the motor information provided during guided exploration was sufficient
to enhance memory, compared to passive exploration. Importantly, I argue that when
motor functions are diminished in older adults (Ward and Frackowiak, 2003), they must
increasingly rely on active decision-making skills to support spatial memory. This shift
in reliance may reflect a compensatory mechanism (Burgess, 2008), where engaging in
intentional and effortful choices about where to go and how to navigate helps offset declines
in procedural aspects of route learning that are typically supported by motor engagement.
In short, motor engagement at encoding is both necessary and sufficient for enhancing
route knowledge in younger adults.
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4.4.2 Neural Mechanisms in Older Adults: The Importance of
Agency

In contrast, older adults in this study showed enhanced route and landmark memory only
when they were actively engaged in decision-making during navigation (active condition).
There was no difference in performance in the guided relative to passive navigation condi-
tion in this group, despite the former engaging motor functions during encoding. I suggest
that motor engagement is insufficient on its own to support spatial memory in aging pop-
ulations. Notably, there were no age-related differences in route or landmark memory
following Active navigation suggesting that this is a strategy that mitigates age-related
declines in performance. Importantly, If the poorer performance in the Guided condition
were primarily due to anxiety or cognitive load from following the line, then older adults
should have shown comparable benefits in the Passive and Active conditions—since Passive
navigation removes the pressure to adhere to a path, and Active navigation allows full au-
tonomy. However, the results clearly show that older adults exhibit the strongest route and
landmark memory following Active navigation, and that the presence of motor cues in the
Guided condition does not provide a comparable advantage over Passive viewing. These
patterns suggest that, for older adults, it is the combination of self-directed movement and
active decision-making that drives improvements in spatial memory.

Aging is associated with pronounced cortical atrophy in the frontal and medial tem-
poral lobe structures such as the hippocampus (Buckner, 2004; Konishi & Bohbot, 2013).
The frontal lobes and hippocampus play a central role in allocentric navigation, which in-
volves integrating environmental cues and forming cognitive maps (Burgess, 2008). These
areas are also vital for executive functions such as decision-making, working memory, and
cognitive flexibility. For older adults, active navigation—which requires decision-making
at key decision points—engages the prefrontal cortex, an area associated with executive
control (Preston & Eichenbaum, 2013) and agency (Vinogradov et al., 2006). In contrast,
passive or guided navigation eliminates the need for decision-making. When older partic-
ipants are given the opportunity to actively engage with their environment, with agency
and independent decision-making, they appear to experience enhanced encoding, resulting
in better subsequent memory. Supporting this claim, findings by Lockhart and colleagues
(2012) highlight the critical role of the prefrontal cortex and hippocampus in successful
navigation and memory among older adults. The prefrontal cortex supports intentional
memory, and during active navigation, older adults are specifically required to engage in
goal-directed exploration to locate the "gold star” as the destination. This differs to the
guided condition, where they simply follow visual cues overlaid on the path to reach the
destination. I propose that the heightened cognitive demands placed on the prefrontal
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cortex during active navigation may help offset age-related declines in the spontaneous
engagement of these neural regions. This, in turn, may facilitate better integration of spa-
tial and contextual information. Furthermore, older adults often experience motor deficits,
such as reduced fine motor control, slower reaction times, and difficulty with coordination
and balance, all of which can hinder navigation performance. As a result, older adults
may not rely as heavily on motor engagement to remember routes travelled, making it
even more important to engage the frontal lobes through active decision-making during
encoding (Sul et al., 2010). My findings support the notion that engagement of executive
functions and a sense of agency, rather than motor activity alone, is the critical factor
underlying improvements in route memory among older adults.

Beyond route memory performance, I also observed a similar pattern of findings for
landmark memory among older adults. This further supports the idea that decision-making
strategies engaged during active exploration can enhance an individual’s ability to retrieve
environmental cues that aid navigation. The absence of this pattern in younger adults may
be due to age-related differences in focus of attention during exploration. For example,
past research suggests that older adults are more likely than younger adults to actively
seek out cues that can help anchor them in space (Anderson & Craik, 2017; Fricke et al.,
2002). This could explain why we observed a benefit from the active condition on landmark
memory in older adults, but not in younger adults.

4.4.3 A Role for Individual Differences in Spatial Memory

In both younger and older adults, active navigation was associated with the highest self-
reported motivation, which supports the notion that more engaging navigation strategies,
particularly those involving decision-making and motor engagement, are perceived as more
motivating (Sauzéon et al., 2016). In contrast, motivation was significantly lower in the
passive condition, which lacked such engagement. These findings are consistent with the
notion that active engagement with the environment promotes greater motivation and
memory retention, particularly for older adults (Preston & Eichenbaum, 2013). These
results also directly replicate my previous findings in younger adults when assessing route
memory (Sivashankar et al., 2024; Sivashankar et al., 2025). Although we observed differ-
ences in motivation and preference ratings between conditions in both age groups, these
subjective measures did not emerge as significant predictors of memory performance. This
finding suggests that affective responses such as how enjoyable or engaging participants
found a navigation condition does not necessarily reflect the navigational learning acquired
by the participant. The poor predictive value of motivation and preference underscores the
distinction between subjective experience and the objective demands of spatial memory.
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In terms of predictors of route memory performance, intersections crossed at encoding
significantly predicted route memory in the active condition in both age groups. These
results align with prior animal research indicating that intersections serve as salient spatial
boundaries, helping to contextualize cognitive maps (Moser et al., 2008). In the Passive
condition, only the joyous exploration subscale from the Five-Dimensional Curiosity Scale
was a significant predictor, suggesting that curiosity-driven motivation plays a role in
memory performance when navigation is passive.

4.4.4 Conclusion

The current research makes an important contribution to the growing literature on the
differential roles of motor and executive functions in spatial memory (Chrastil & Warren,
2012; Jebara et al., 2014). Our findings provide empirical support for the hypothesis
that age-related memory deficits can be mitigated through task design; specifically by
engaging decision-making capacities. While younger adults gain a memory benefit from
motor engagement alone, older adults require cognitive demands or challenges that more
actively engage independent decision-making, to benefit retention of routes and landmarks.

The use of VR technology allowed for manipulation of both motor and cognitive de-
mands, providing a controlled environment that would be difficult to replicate in real-world
settings. This methodological approach ensured that the observed effects were due to the
experimental conditions rather than individual differences in baseline spatial ability or
motivation. Furthermore, our within-subject design helped to isolate the effects of navi-
gation strategy on spatial memory, while controlling for any confounding variables such as
structural differences in environment simulation, speed, and path complexity.

In conclusion, the current Experiment suggests that adapting navigation strategies to
match the cognitive strengths of each age group, by focusing on motor activity in younger
adults and on decision making in older adults, may be a promising approach to improving
spatial memory. Our findings have implications for the design of assistive technologies,
urban planning, and cognitive interventions aimed at supporting cognitive health across
the lifespan. Allowing opportunities for independent decision-making can help mitigate
age-related declines and better support spatial memory in later life.
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Chapter 5

General Discussion

Route memory requires the successful retrieval of place information and specific action
sequences at identifiable locations or decision points (Appleyard, 1970; O’Malley, 2018).
The use of navigation aids such as the Global Positioning System GPS has significantly
improved travel efficiency by enabling users to reliably navigate between points, take short-
cuts, and reroute in the presence of road closures. However, dependence on GPS limits
an individual’s need to make independent decisions about the path of travel. While some
studies have reported negative effects of GPS use on memory (Dahmani & Bohbot, 2020;
Gardony et al., 2013), specifically on global configural map knowledge!, its impact on
other aspects of spatial cognition such as route knowledge and landmark memory remain
unexplored (Chrastil & Warren, 2015). It is especially important to investigate the impact
of GPS-type guided navigation on spatial memory in older adults who a) may find this
technology foreign, and b) typically have brain-related changes in key motor and memory
regions involved in navigation, (Buckner, 2004; Konishi & Bohbot, 2013) that may limit its
usefulness. As well, as the young adult population ages, it will be important to determine
whether any observed benefits from GPS are sustained into older adulthood.

To this end, this dissertation investigated the cognitive mechanisms supporting spatial
memory through three VR-based experiments, focusing on the relative contributions of
motor engagement and decision-making during navigation. Across three experiments, my
findings demonstrated that while younger adults benefited from motor engagement dur-
ing navigation, older adults required active decision-making to sustain route and landmark

!Configural map knowledge consists of an integrated mental representation of all roads and landmarks
encompassing an environment (i.e., a cognitive map), thus reflecting global knowledge for the environment
explored (Chrastil & Warren, 2013).
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memory. Guided navigation, despite involving motor activity, did not provide memory ben-
efits for older adults, highlighting the central role of decision-making in supporting spatial
memory in aging. These findings advance our understanding of how navigation strategies
interact with cognitive aging, underscoring the need to consider both technological reliance
and neural changes when evaluating spatial memory. Looking forward, this work points to
the potential of cognitive interventions that deliberately engage decision-making processes
as a way to maintain spatial memory in older adulthood and in populations at risk of cog-
nitive decline. Together, these studies provide new insights into how navigation strategies
shape route and landmark memory, and how these processes differ across the lifespan.

5.1 Motion Cues as a Foundation for Route Memory

Converging evidence from all three experiments showed that in younger adults, decision-
making about the path of travel at encoding did not confer a benefit to route memory, more
than that conferred by motoric engagement. In the domain of spatial navigation, route
memory has been shown to recruit the use of vestibular and proprioceptive cues from head
and body rotation to aid formation of an internal spatial representation of an explored en-
vironment (Jabbari, 2022). Precisely, past work has reported two distinct critical sources of
information that humans rely on when navigating: these include landmark cues originating
from the external environment, and self-motion cues stemming from body movement (Jab-
bari, 2022). In the context of self-motion cues, the vestibular system, which includes the
semicircular canals of the inner ear, transduces inertial cues arising from physical motion,
and is regarded as critical to spatial orientation (Day & Fitzpatrick, 2005; Smith, 2017).

I suspect that for one to successfully reproduce a route previously travelled, they would
require continuous integration of body-based self-motion cues from the visual, vestibu-
lar and proprioceptive systems (Chrastil and Warren, 2012; see Cullen & Taube, 2017
for review). For example, continuous and sequential visual information received by the
retina informs people about the flow of passing stimuli (i.e., optic flow) and helps one
to perceive movement in space (Jabbari, 2022), while both vestibular and proprioceptive
systems provide information about position of limbs in space during self-generated move-
ment (Waller et al., 2004; Cullen & Taube, 2017). In addition, recent work by Zhu and
colleagues (2022) examined eye movements and found that participants made greater sac-
cades forward and backward along the intended path of travel (i.e., the path containing the
reward). Critically, the number of sweeping eye movements increased with environmental
complexity. These findings suggest that eye movements guide one’s movement in space in
a goal-directed manner, rather than in a bottom-up process that is purely driven by the

81



saliency of a stimulus (Zhu et al., 2002). In relation to the findings of the current study,
both active and guided navigation required the integration of oculomotor, vestibular and
proprioceptive systems to guide eye movements and motion towards the path of travel.
That is, one had to direct their gaze and orient their head, body, and the position of the
VR controller towards a desired path to move in that direction. The failure to accurately
carry out any one of these steps described above would prevent one from travelling in the
desired direction. During passive navigation, however, one did not have to carry out a se-
quence of integrated self-generated motion involving gaze control, face and body rotation,
as there was no motion required by the participant to move in passive exploration. Given
that route memory was lowest in this condition, it appears that this factor is particularly
important in explaining any boost to performance.

Moreover, work in mice and humans has shown the importance of context reinstatement
to spatial navigation. Context reinstatement refers to the finding that in grid and place cells
of the medial entorhinal cortex and hippocampus (respectively), the spatial and temporal
attributes of a space at encoding are reinstated (i.e., firing patterns) just before retrieval
(Lewis & Durrant, 2011; Jacobs et al., 2013)%. For example, we know from past work that
place cells in the hippocampus do not show the same firing pattern in all locations that
are perceptually identical to one another (Sharp, 1999). Rather, hippocampal place cells
receive inputs from vestibular, proprioceptive systems, and visual motion to distinguish
locations as A and B in order to modify patterns of cell firing (see Moser et al., 2008 for
review). In this experiment, encoding and retrieval for any given city occurred in the same
environment, and the subsequent retrieval phase required one to reproduce the path taken
at encoding. From past work, we know that place cells use both visual and motor cues to
reconstruct a spatial map of an explored environment (see Moser et al., 2008 for review).
Given this, I speculate there must be a reinstatement of place cell firing at retrieval that is
reflective of the motor activity engaged at encoding. This along with the visual cues in the
form of landmarks (Jabbari et al., 2022), is believed to explain the benefit to route memory
in both active and guided navigation. Based on these results, I suggest that engagement
of motoric processing during initial navigation is particularly potent in enhancing route
memory.

2Place cells in the hippocampus encodes specific locations in space, whereas gird cells in the medial
entorhinal cortex fire in response to spaces that represent a grid-like pattern (see Moser et al., 2008 for
review).
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5.2 The Importance of Type of Retrieval Test

In all three Experiments, I asked participants to reproduce the path taken at encoding,
thus, I utilized a motor-based memory test that likely engaged the same processes as at en-
coding. In the past, researchers have used map drawing, landmark recognition, and point-
ing accuracy to target objects, to determine the relative contribution of decision-making
and motor processing to spatial memory (Gardony et al., 2013; Munzer et al., 2006; Von
Stiilpnagel & Steffens, 2012; see Chrastil & Warren, 2012 for review). These studies have
suggested that decision-making is superior to motor control in terms of improving spatial
performance. In instances where survey knowledge is examined, it is indeed possible that
the requirement to follow explicit instructions given by a GPS during guided navigation
would divide attention, and impair memory on such global memory tests (e.g., on map
drawings). In fact, Gardony and colleagues (2013) suggest that it is precisely attention
that is impaired in the presence of guided navigation that limits performance on global
knowledge tests, as participants need to hold instructions in working memory and navigate,
thereby, failing to attend to landmarks and other routes making up an environment?.

Further, Chrastil and Warren (2015) found that decision-making is an integral compo-
nent in acquiring topological graph knowledge, where one must know the various connecting
routes of an environment to be able to detour and take novel routes to reach a target at
test. Route memory on the other hand is a test in which one must remember particular ac-
tion sequences at specific locations within a route (see Chrastil & Warren, 2012 for review).
Hence, it is possible to remember specific turns solely based on one’s initial motoric or pro-
cedural memory for the paths taken. In light of our findings, I suggest that self-generated
movements are a critical component to enhancing memory for spatial routes, more so than
decision-making about the path of travel; our results, however, might only apply when
the assessment of memory involves ‘reproducing’ one’s steps. Future work should consider
whether guided navigation at encoding would provide less benefit when the assessment of
memory is more conceptual or requires topographical knowledge.

Regardless, based on these current findings, I claim that self-generated movements are
a crucial factor in enhancing memory for spatial routes, potentially more so than decision-
making about the travel path. However, it is important to note that these results may
be limited to contexts in which memory assessment involves accurately reproducing one’s
steps (motor-based memory task). Future research should investigate whether guided
navigation during encoding provides less benefit when the memory assessment requires

3Survey knowledge consists of an integrated mental representation of all roads and landmarks en-
compassing an environment (i.e., a cognitive map), thus reflecting global knowledge for the environment
explored (Chrastil & Warren, 2013).
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more conceptual or topographical knowledge. To this end, my future work is investigating
the impact of guided navigation on various measures of survey-based spatial memory, in
both younger and older adults, such as map drawings of routes traversed.

5.3 Decision-Making as a Key Determinant of Route
and Landmark Memory in Aging

In the published work reported in Chapters 2 and 3, I showed that self-motion cues such as
head rotations, full-body 360-degree turns, and forward movement via handheld controller
during initial exploration of a virtual environment are sufficient to enhance route knowledge
in younger adults (Sivashankar et al., 2024; Sivashankar & Fernandes, 2025). Specifically,
I found that both guided navigation (analogous to following GPS instructions) and active
exploration of cities during encoding provided comparable benefits to later route retrieval,
despite the former limiting decision-making. However, it remained unclear whether this
pattern holds for older adults.

Experiment 3 revealed that older adults in my study showed enhanced route and land-
mark memory only when they were actively engaged in decision-making during navigation
(active condition). In contrast, there was no performance difference between the guided
and passive conditions, despite the guided condition involving motor engagement during
encoding. These findings suggest that decision-making plays a critical role in support-
ing spatial memory, particularly in populations where motor control may be diminished
and motor cues less reliable. This aligns with Buckner’s (2004) review, which highlights
that increased recruitment of the frontal lobes likely occurs as a compensatory response
to age-related dysfunction, such as changes in the frontal-striatal or medial temporal sys-
tems. As task demands increase—whether through active exploration or in the context
of pathological burden (e.g., Alzheimer’s disease)—compensatory mechanisms may be re-
cruited to preserve aspects of cognitive function. In my future postdoctoral research, I aim
to examine whether cognitive interventions that actively engage decision-making processes
can help sustain spatial memory performance in aging populations and in those at risk of
cognitive decline, such as individuals with amnestic mild cognitive impairment.
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5.4 The Interplay between Individual Differences and
Spatial Memory

Across three Experiments, my dissertation highlighted the role of individual differences in
shaping spatial navigation performance in both immersive and non-immersive virtual envi-
ronments. Specifically, I have shown that factors like motivation, preference, presence, and
curiosity have the ability to shape spatial memory performance. Prior work has empha-
sized, for example, that individuals high in intrinsic motivation tend to engage more deeply
with exploratory tasks, leading to stronger encoding and retrieval of spatial information
(Sauzéon et al., 2016). Similarly, a stronger sense of presence in virtual environments has
been linked to improved spatial learning, as participants who feel more immersed are more
likely to treat the VR environment as analogous to real-world navigation (Sauzéon et al.,
2016).

Personality factors like curiosity also play a critical role. Greater curiosity has been
associated with enhanced memory and exploratory behavior, potentially through dopamin-
ergic mechanisms that facilitate hippocampal-dependent learning (Gruber et al., 2014). My
findings align with this literature by demonstrating that curiosity and related motivational
states can amplify the memory benefits of active navigation, particularly when individuals
are encouraged to explore and make decisions.

Results in Experiment 3 also showed that increased dwell time at key intersection
points has the potential to decrease route deviation, thus resulting in better memory. This
relationship highlights the importance of pausing at key decision points when following
GPS directions. Stopping at intersections may enhance spatial memory by providing time
to encode surrounding landmarks and spatial cues.

Taken together, these results highlight that navigation is not only influenced by the
method we adopt at the time of exploration, but also by individual psychological traits.
Recognizing these sources of variability is especially important for applied contexts such as
designing cognitive interventions, VR training protocols, or assistive navigation technolo-
gies. Tailoring navigation strategies to account for motivation, presence, and curiosity may
enhance engagement and improve spatial memory outcomes across different populations,
including aging adults and those with cognitive impairments.
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5.5 Future Directions

I recognize that experiencing VR environments while sitting down, as did the participants
in this PhD thesis, limits the sensory and motor cues gained about one’s location in space
when exploring an unfamiliar environment, relative to walking. However, my research
paradigm still allowed for participants to engage in motor actions to dictate the path of
travel (i.e., to enable head and body rotation, and turning of the steering-wheel controller)
and utilize vestibular information received from head rotation (see Chrastil and Warren,
2012 for review; Von Stiilpnagel & Steffens, 2012). Further, seminal reviews and research in
the field of spatial navigation have also manipulated motor control similarly (see Chrastil
and Warren, 2012 for review; Chrastil and Warren, 2013; Stiilpnagel & Steffens, 2012).
Thus, I believe that my manipulation of motor control is one that sufficiently reflects cur-
rent definitions of motor actions outlined by the field. Nonetheless, future studies could
allow for greater motor engagement by having participants actually walk while immersed
in VR to better simulate the inertial cues (i.e., cues that provide information about lin-
ear and angular acceleration) evoked when exploring new surroundings (Waller & Nadel,
2013). To more directly assess the role of motoric and decision-making contributions to
spatial memory, a future study could compare passive, guided, and active navigation in
real-world settings, such as having participants traverse the underground tunnels connect-
ing university buildings. For instance, in the Guided condition participants could follow
GPS-style directions to locate a target room, in the Active condition they could navigate
independently to find the target room, and in the Passive condition they could watch
a video of someone else completing the route. Such an in-person design would capture
natural locomotion more accurately and strengthen the ecological validity and real-world
generalizability of the findings. Studies should also directly measure head movements to
determine whether a greater rotation of the head, indicative of visual observation, could
influence subsequent spatial memory.

Another dependent variable to consider in future work, when examining the influence
of navigation strategies on spatial memory performance, is roaming entropy. This is an
index of the variability in an individual’s territorial coverage, and it is demonstrated as
a good measurement of participants’ motivation during the study phase of VR (Cen et
al., 2024). Future research could incorporate roaming entropy as an objective measure of
exploration to assess whether higher entropy (i.e., exploration covering many zones within
an environment) corresponds to increased curiosity and motivation, ultimately enhancing
spatial memory performance. Including such measures would help disentangle the interplay
between exploration strategies, motivation, and memory retention, adding an important
dimension to our current findings.
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Finally, I believe that it is also important to consider the authenticity of spatial en-
vironments when examining spatial memory. In the current work, I made considerable
efforts to enhance ecological validity. I used virtual environments that mimic real-world
streets, carefully designing street layouts and incorporating landmarks unique to each city
(e.g., ared telephone booth in London). Environments were counterbalanced across partic-
ipants, making it unlikely that structural differences between environments systematically
influenced the results. Notably, very few previous studies examining route memory have
incorporated such realistic urban simulations. Therefore, I believe that my approach pro-
vided a realistic estimate of navigational experience compared to typical VR paradigms.
However, future research can further enhance the realism of virtual environments by in-
cluding auditory features like sirens, car honks, and pedestrians, to mimic the complexity
of real-world navigation.

5.6 Implications for Navigation Aids and Cognitive
Training

The results of this research have implications for the design of navigation aids, especially
for older adults. Current GPS systems and navigation tools automate route guidance,
reducing the need for user decision-making. However, these features may inadvertently
diminish cognitive engagement, particularly limiting opportunities for older users to en-
gage their executive functions and strengthen their spatial memory (Gardony et al., 2013;
Parush et al., 2007). Given this, the design of future GPS systems and navigation tools
should be reconsidered to better align with the cognitive profiles of older adults. For exam-
ple, systems that encourage decision-making, such as prompting users to choose between
alternative routes could stimulate frontal-hippocampal networks and enhance memory for
routes travelled (Shohamy & Daw, 2015; Shin et al., 2019). Even subtle modifications, like
delaying guidance until the user attempts a decision, could introduce beneficial cognitive
challenges that support later recall. In addition, the finding that motor engagement during
encoding benefits route memory in younger adults suggests that self-driving cars, which
reduce physical involvement, may impede the formation of spatial memory in this group.
These results should be considered when developing policies related to driving practices
and the design of future vehicles.
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5.7 Conclusion

This dissertation has sought to determine whether the use of a navigational aid at encod-
ing influenced spatial memory, and second, whether there were any differences in utility
of different navigation strategies on route and landmark memory across younger and older
adults. Across three Experiments, I have shown that while younger adults gain a memory
benefit from motor engagement alone, older adults require cognitive demands or challenges
that more actively engage independent decision-making, to benefit retention of routes and
landmarks. By identifying distinct mechanisms that benefit younger and older adults, this
work advances our theoretical understanding of spatial memory across the lifespan while
also informing the development of age-sensitive navigational tools and strategies. My dis-
sertation has also revealed the role of individual differences in shaping spatial navigation
performance in both immersive and non-immersive virtual environments. That is, I have
shown that measures like motivation, preference, and curiosity have the potential to en-
hance or reduce spatial memory performance. However, converging evidence across all
three experiments indicates that the overall effect of navigation conditions cannot be out-
weighed by subjective measures of preference, motivation, or curiosity. Ultimately, these
findings illustrate that the cognitive processes supporting spatial memory are not uni-
form across age groups, but instead depend on the interplay between motor engagement,
decision-making, and the demands of the navigational context.
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APPENDIX

Mathematical Description of Path Complexity Measure

Each trial has » timepoints. Participant location is recorded at each timepoint. Therefore, there are » position coordinates.
Let p;= (x;, yi) represent participant location at timepoint 7, where 1 <7 <n.

With » position coordinates, there are » — 1 displacement vectors between consecutive position coordinates.

Let d;= (x;— x-1, ¥;— ¥71) be the displacement between timepoints j — 1 and j, where 2 <j <n.

With » — 1 displacement vectors, there are # — 2 angles (tumns) between consecutive displacement vectors.

Let cx= complexity(dy, di-1) be the complexity of the turn between non-zero displacement vectors drand di—1, where 3 <k <n

and

2 - b
complexity( a,b) = min{ =cos™? A .1 (1)
m [lx]1[B]

If @ - d =0, then complexity(a,b) = 0.

Therefore, total route complexity for a given trial 1s defined as

=5 (2)
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